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Abstract

Knowledge engineers are efficient, active learners. They systeraticaily approach new domains
and acquire kniowledge: to solve routine, practicil problems. By modeling thtir methods, we
may develop a basis. for teaching other stud:nts how (o direct their own learning. In
particular, a knowleclge engineer is good at detecting gaps in a knowledge base and asking
focused quesiions to improve an expert sysiem's perforrnance. This ability stems from
domain-general knowledge about: problem-solving procedures, the categorization of routine
problem-solv.ng know'edge, and domain and task differences. This paper studies these
different forms of metaknowledge, and illustrates its incorporation in &n intelligent tutoring
systemi. A mcdei of learning is presented that describes how the knowledge enginzer detecis
problem-solving failures and tracks them beck to gaps in domain knowledge, which are tlen
reformulated as questions to ask a teacher. We describe: how this 'nodel of active learning is
being developed and tested in a knowledge acquisition program for an expert system,

1. Introduction

A knowledge engineer cin be viewed as a special kind of student. Her goal is to develop
computational models of complex problem solving by watching and questionirg, an expert and
incrementally testing her model on a set of selectsd problem cases.! Characterisiically, the
knovledge engineer (KE) is in complete control of this process. Her construction of a
probleni-solving model is almost completely self-directed; she is an active learner. The KE
thus provides us with an excelient basis for studying methods that any student might use for

approaching new problem domains and acquiring the knowiedge to solve a set of practical
problems.

Although there is some self-seiection among KEs, so that people who are naturally quick
learners are at'racted to this profession (and there are some diiettantes), the knowledge
engineering process is a skill that can be taught. In essence a knowledge engineer learns how
to ask good questions by learning nseful representations of knowledge, and by practicing the art
of directing an expert to teach her what she needs to know. The activity of incrementally
improving a computational problem-solving model (the expert system) on a weil-defined
sequence of cases focuses the learning activity. An [intelligent_tutoring system focuses learning
in a similar way by engaging a student in case-method dialogues. Can we teach a student to
play an active role in directing the tutoring program during these dialogues, in the same way a

ln this paper we use feminine pronouns to refer to KEs, though there are as many men in the profession; for

symmetry we refer to students with masculine pronouns.



knowledge 2ngineer directs her teacher?

This paper studies the knowledge-acquisition process by reviewing a variety of KE interview
and ¥nowledge-base critiquing heuristics (Section 3). Generalizing from these examples, we
show how learning heuristics are intimately related to and derived from particular knowledge
represeritation langusages (presented as an introductory framework in Section 2). Finally, we
consider how the general model of learning that emerges can be formalized in a knowledge
acquisition program (Section 4.1) and then used as & standard for interpreting and guiding a
student's behavior (Section 4.2). Relation to current work in machine learning and
philosophical problems are considered in the final sections of the paper.

1.1. Basing teaching on a medel of learning

It is generally accepted that development of teaching programs should procesd from a model
of the learning process. One approach is to design a teaching program so that it encourages
the student to improve his undersianding, such as by making predictions about some
phenomenor: and formulating experiments to test them (Crovello and McDaniel, shed).
Although rmost computer-aided instiuciion programs of this type provide the student with a
siraulation of a physical process (eg. an electronic circuit), artificial intelligence (AI)
programiring techniques enable us to provide a model of a problem-solving process as well.
Ia particular, an expert system can be presented as an object of study, as in GUIDON {Clancey,
1982, Clancey, 1987).

in our previous research we have developed methods by which a model of the diagnostic
process can be explored by a student (Richer and Clancey, 1985). This program, called
GUIDON-WATCH, is designed to facilitate understanding the knowledge organization and
diagnostic strategy of the underlying expert system. NEOMYCIN (Ciancey and Letsinger, 1984),
presente? as 4 model for the student to study and emulate. A window-menu system for
browsing a knowiedge base overprints taxoromies and tables to show the flow and history of
reasoning. [Experience shows that GUIDON-WATCH is quite useful for a knowledge engineer
debugging NEOMYCIN and for short lecture-style demonstrations to students and other
researchers (e.g.. using a blinking display to show the strategy of "looking up” and "looking
down"” through diseass categories). However, we have not formalized or built intc the program
what a student usiiig GUIDON-WATCH should be trying to do. While we have reified the process
of diagnosis—making it concrete so it can be studied—we have not made explicit the goal
structure of a student who is studying the program. Specifically, what is the learning process
involved in studying and understanding a modcl of problem solving, in this case an expert
systera?

We are already familiar with the process of learning by studying an expert problem

.o

Y . e ——



solver—this is what a KE does. The symmetry is shown in Figure 1-1: The KE actively probes

the expert, listening to and organizing explanations in order to improve her model of pioblem
solving, the expert system. By analogy, a student actively probes a computer tutor, listening to
and organizing explanations in order to improve his own problem-solving performance. Our
thesis is that by studying and modeling what & KE does, we will be able to formulate a model
of learning that can be incorporated in the design of a computer tutor. In particular we are
intorested in modeling ths learning process involved in interacting with an expert-teacher, in
order to replicate his behavior in some well-defined problem domain.

Human Knowledge , Expert
Expert —> Enginesr €<— | system
explanat.ons problem-solving

performance
TUtOfial sm‘t )
Program | ————> < Self
explanations problem-solving
performance

Figure 1-1: Analogy of learning by a knowliedge engineer and by a student:
Both attend to and solicit explanations in order to improve
problem-solving performance.

This study is the precursor to developing a learning apprentice knowledge acquisition
program (Mitchell, et al., 1985) to assist in debugging NEOMYCIN. We then intend to develop a
tutorial program that conveys this model of learning {0 a student while he is diagnosing
medical problems. Thus, we follow the knowledge-bazed tutoring paradigm of first formalizing
a program that can do what we will ask a student to do, specifically, to detect inadequacies in
problem-solving peiformance and transform them inio good questions for a teacher. The
learning apprentice thus serves as a model for the student to study and emulite, as well as
provides the tutorial program with a basis for assisting and evaluating his performance.
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1.2. Origins in previous iearning research

This research is strongly influenced by other attempts to teach general problem-solving
methods, such as the Schoenfeld's work in mathematical problem solving (Schoenfeld, 1931)
and Brown's work in algsbra problem solving (Brown, 1983). However, we xpect our model of
learning to be better articulated and substantiated through the process of developing a
simulation program. Furthermore, by working in a nonmathematical doraain, we are dealing
with complex knowledge structures, which w2 believe will better demonstrate what problem-
solving knowledge transfers across domains, Current expert systems research suggests that
abstract knowledge-base structures, such as relations nsed in the causal reasoning of diagnosis,
recur in different domains (Clancey, 1988, Bennett, 1983, Chandrasekaran, i984). These
recurrent structures enabie us fo reuse knowledge representation languages and reasoning
prncedures in different expert systems, forming the basis of expert svstem tools called “generic
shells" (Chandrasekaran, 1986), of which HERACLES, a generalization of NEOMYCIN, is an
example.

The particular model of learning developed here has its basis in cur previous study of expert
systems (Clancey, 1986a). We describe complex problem solving in terms of a system being
reasoned about {such as an electronic circuit) and & task by which the system is to be
manipulated (eg.. aiagnosis, design, control). Unlike other current research in knowledge
acquisition, which uses models of knowledge organization and inference processes to direct a
learning process (eg.. (Mitchell, et al, 1985, Smith, et al.,, 1985), wt need t0 make the learning
process itself explicit so that it can be reasoned about by the tutorial program. A
computational model alone is not sufficient; its representation must be well-structured.
Specifically, according to the model of learning we are developing, we must moke the model-
building process in performing some task on a systein explicit. For example, in diagnosis
problems we must make explicit the constraints that a good diagnostic model must satisfy, so
we can articulate problem-solving failures to a student and relate them t0 the subtasks of
diagnostic reasoning. None of this would nacessarily be explicit in a typical expert system or
learning program.

A complex domain, such ss medical diagncsis, requires a complicated reasoning jrocedure,
which provides us with many examples of how knowledge about knowledge organizatic n is used
to focus reasoning and to formulate good questions wheu reasoning tasks fail. As our
examples will make clear, probiem domains like geometry theorem proving and algebraic
equation simplification are comparatively impoverished: These domains provide litile content
that is general, and hence provide minimal leverage for learning about other problen domains.
In comparison, experience with medical diagnosis provides a substartial basis fcr lesarning
about diagnosis in other areas, such as electronic diagnosis. It is precisely this dom .in-generai




knowledge that makes a KE an efficient learner.

In particular we want to teach a student the organization of diagnostic knowledge and how it
is used. In our research on NEOMYCIN, we have developed a model of diagnosis in which the
procedure of how to do diagnosis is separated from the domain facts (Clancey and Letsinger,
1984, Clancey, 1984a, Clancey, 1986b). Thus, at each poiat what the program is trying to do,
called a subtask, is translated into a question about what the program needs to know. For
example, in refining a hypothesis H the program asks, "What are the subtypes of H? What
could cause H?" The essential idea in the NEOMYCIN model of diagnosis is that a sequence of
requests for problem data (eg., "Does the patient have a fever?' “"Has he travelled?") can be
abstracted in terms of operators for manipulating a situation-specific model that describes the
physical  processes by which the patient's symptoms were produced (Clancey, 1984a, Clancey,
1986b). This knowledge about what the problem solver is trying to do and the structure of his
experiential knowledge, as absiracted from diagnostic practice and formalized in NEOMYCIN, is
the essential nietacognltlve krnowiedge we seek to exploit. The sequence of knowledge
engineering examples in Section 3 builds up to this model of diagnosis, iilustrating how
knowledge about diagnostic kno ledge and its use, a form of metacognition, provides = oasis
for active learning in the KE.

1.3. Liaitations in the analogy between a knowledge engineer and 2 student

It is important to realize that there are signilicant differences between a typical student's task
and a KE's task. A KE is constructing a computer program, she is not learning how to solve a “
problem independently. Specifically, a KE does not have to remember everything she puts into
2 program. In working with an expert, she gains very little experience in proficiently
integrating everything she has been told. Rather, she tends to view facts and problem-solving
procedures in :sclation, at they apply in specific cases. The iraplications of thiy differance are
not immediately clear, but must be attended to later in evaluating the model of learning we
develop. If we are lucky, the only difference will be the practice effect of solving problems
from memory, and the program and student who follows the KE's model of directed learning
will exhibit no difference in content of what is learred or in problem-solving ability.

We also know that students generally have a substantial background of factual knowledge ]
about a domain. For example, medical studenis have 2 years of general learning about disease
processes before they focus on practical, clinical problem solving. In contrast the KE has
comparatively les; specific knowledge about physiological processes, and the computer program
has sssentially none. Thus, another weakness in our analogy and potential barrier in our
attempt to automate the KE's learning process is the absence of general knowledge about ?
physical processes that a student, and to a lesser extent the KE, can draw on. If we are lucky
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here. this will impoverish the model of iearning we develop, but not detract from the general
form of the model (eg., its basis in problem-solving failure) or the specific results concerning
the learning of routine problem-solving knowledge (eg., the emphasis on well-defined relations
that carry across domains), which we focus on.

On the other hand, the essence of our approach is that a KE learns by filling in a schema,
his knowlerdge representation, which is rarely known explicitly by a medical student. This is
the KE's strong suit, which we seek to exploit and articulate in a simulation model of learning.

Another difference between the typiczi student and KE is that the theory of problem soiving
developed by the KE is the resuit of experience in different domains. It is not immediately
clear whether we can make the KE's probiem-solving abstractions understandable within the
context of a limited set of problems in just one domain. If we are lucky, the value of these
abstractions will be apparent; and possibly the process of formalizing them from our
experience in constructing the first sxpert systems was just a one-time difficulty that other
peopie will not need 0 repeat.

We also start with the hypothesis that a student does not need to know a diagnostic strategy
explicitly to become proficient. Indeed, medical expertise has certainly advanced and teachers
have been effective without being able to articulate the diagnostic process to the extent that it
is formalized in NEOMYCIN. We argue that knowledge of the diagnostic process is useful not
for routine problem solving, but for recovering from failures, the essence of the model of
learning we describe. A coroilary is that we are teaching a method of learning that medical
students typically do not use or at least do not use systematically.

One advantage of studying KEs, versus typical medical students, is that a KE is always
working with a formal representation (the knowledge base). We can directly observe how she
manipulates this representation and relate her behavior to the current state of her computer
model. The formal representation provides a language for systematic description of what the
KE is doing, which we view as a learning process. In developing a tutoring system, we will
investigate the benefits of giving a student similar written notations to use in recording his
undeistanding and solution to particular problems.

To recapitulate, we argue that the KE's interview ability and program development process
follows from her representation of how knowledge is orgaﬁized and used in snlving routine
prct!ams. This metaknowiedge is coupled with a procedure for detecting knuwledge gaps that
criliques incomplete problem solutions. From this basis a problem solver can direct her own
learning by formulating good questions—those that are directed at what she nceds to know.




2. The map metaphor: Representations, models, and problem solving

Before considering complex examples of metacognitive knowledge and how it is used in
learning, it is useful to develop our intuitions by considering a familiar example. In particular
a road map nicely illustrates the nature of represratation and inference procedures. The
familiar nature of a map is extremely use{ul for 1~ vealing the way in which an expert system's
knowledge representation is a model of the vorld. This is especially important in our
argument because the idea that an expert syste.a knowledge base contains a model of the world
is mostly ignored by Al researchers, to the :xtent that the term "model” is generally only used
to refer to simulations of processe:. /. few of these ideas are explored here, others are
developed in (Clancey, 1986a).

Figure 2-1 is a portion of a oad map. A map, like any representation, makes a
commitment about the existence nf particular classes of objects and relations in the world.
That is, the map's notation—the particular symbols used in the map—allow certain statements
to be made about the werld and do not provide for others. For example, the map in the
figure allows different kinds of buildings, roads, and facts about how they are related to be
represented. We see that the faculty club is on Laguna Drive and that Memorial Hall is
adjacent to the Graduate School of Business. However, this particular notation dces not
provide a means of indicating the kinds of soils found on this land or possible ore-bearing
deposits. This is a suitable representation for moving a car around campus, but not for
drilling for oil. Thus, a map categorizes the world in a certain way; only certain distinctions
can be expressed.

More formally, a map notation is defined by a set of terms (objects or spaces) and relations
among them (notably connectivity, size, and distance). These terms and relations constitute a
language for articulating propositions (believed statemcnts) about the world, called the
representatior language. A specific map is a model of the world. Crucially, to this point,
everything we have said about maps i3 true about expert system knowledge bases.

The semantics of a map concerns its meaning, that is, how it relates to the world. For
example, the closed solid figures stand for or represent buildings in the world. Considerable
philosophic debate concerns whether it is possible to represent the semantics of a map (eg.,
what is a building?). While not irrelevant to this paper, the topic goes beyond the scope of
what we can consider.

Maps, like knowledge representations, are not just artwork that we carry around in our
pockets, Instead, there is always some accompanying procedure for using the map to solve
practical problems. For example, a road map is associated with procedures for planning a trip
from one location to another., We call suth interpretation procedures infereace procedures.
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This procedure (or program) makes extensive use of the language of the map. The inference
procedure indicates how to use the map to solve a practical problem.

Sometimes we describe an inference procedure in terms of how it controls search (thus, the
synonym, "control knowledge”). Of all the poscible questions we might ask about the world
(data we might find useful for solving a prcblem), and out of all the possible infereances we
might draw from our map, which ones should we consider first? And which after that? An
inference procedure ..ders data-gathering and assertions about the werld. (Note that searching
the knowledge representation itseif—eg., determining whether there is a fire station on

campus—is a different issue, pertaining to encoding of the knowledge, that is, how it is stored
and retrieved.)

For example, consider using the map in Figure 2-1 for moving your car from the Old
Pavilion o the Faculty Club. Which parts of the map do you look at first? What controls
those observations? What partial plan do you first construct? Why do you form those pieces
first? This procedure, which tends to recur when we solve similar problems, is the inference
procedure. In this example it is a planning procedure. Different kinds of problems have
different characteristic inference procedures. Perhaps the most well-known is the procedure
for diagnosis, also called a diagnostic strategy (Clancey, 1984a).

Inference procedures constitute a form of experiential knowledge. To develop this point,
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consider first that the representation language (to be contrasted with a particular map or
knowledge base) is asso.iated with sperators for making inferences (often called inference
rules). For =xample, if v« need to determine the distance between two sites, we use the
distance and adjacency information implicit in the map. Thus we make a statement about the
world by piecing together more primitive relations, as weil as bty c¢xtracting implicit facts. For
any given map in a particular lang age, used for a particular kind of problem, a given set of
operators will be useful. For example, in using roadway maps, we repetitively need to
determine distances, the ncarest object of type X to a given object, the shortest path between
two objects, and a few others. The number of operators of this form is not necessarily large.

An often referred to distinction is that some inference operators are heuristic, as opposed to
definitional. For example, "If classes are changing, do not attempt to cross Escondido Road by
car" is a heuristic that could affect the solution of the parking problem. Characteristically,
such a heuristic does not follow from the meaiing of the map (the definitions of the symbols),
but involves experiential information about cause-effect relationships, involving other objects
in the world that are not represented in the map.

Crucially, the way in which inference operators are chained togethex -aking inferences (to
construct a plan) tends to recur. Thus, in moving from one place to another, we generaily tend
to consider the shortest path, depending on our mode of transportation, and will build a path
from one end to the other, using methods like finding the largest artery beiween the two
locations and anchoring the path by other places we wish to see along the way. These methods
are to be contrasted with a comparatively unintelligent process ¢f constructing multiple paths
and making useless inferences, such as considering the distance between arbitrary points
unrelated to the movement under consideration. Similarly, in planning a walk, different
questions will be asked about the world. For example, we will be less concerned with
unmarked rcadblocks and traffic congestion, and perhaps more interested in where people tend
to sit or congregate, so we can have a more pleasant passegfiata.

In summary, the inference procedure indicates heuristically how to extract useful facts in
order to solve the problem at hand. A domain-general inference process is focused on what
we are trying 'o do and most gpecifically on the constraints we seek to satisfy. Other
considerations that we cannot consider in detail here coiicern the natare of the situation-
specific model (e.g., ¢« we write down our problem solution in some notation?) and the nature
of implicit fscts in the notation. Finally, as a representation of the world constructed for a
particular purpcse, the map is a selective model of the world. It simplifies the world in a
particular way so that problem solving can proceed efficiently. Representations are therefore
biased by the degree to which they are specialized for particular tasks.
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Briefly, to make the analogy with knowledge representations more explicit, NEOMYCIN's
knowledge representation language consists of a set of terms (e.g., finding, hypothesis, test) and
relations among them (subtype, cause, abnormal finding). The language is associated with an
inference procedure that solves diagnostic problems by the general method we cail heuristic
classification (Clancey, 1985). The language is biased (specialized for diagnosis) and is more
familiar to physicians than engineers. In a rough sense, knowledge~base networks of concepts
and relations organized into hierarchies and transition graphs are analogous to the objects and
lines of a road map. A knowledge base reprmntatioﬁ language makes distinctions that are
useful for solving particular classes of problems by particular inference procedures.

Here we are most concerned with the value of a representation language for learning practical
problem solving knowledge, not arbitrary facts about the world. Furthermore, we are
concerned with how a given representation is useful, not with the process of modifying a

representation. This is an assimilative model of learning, assuming no representation change
(Norman, 1982).

The first key observation is that a given representation literally provides a language for
asking questions about the world. Consider using the map language to learn about a new area.
In learning that a building is in a certain location, you might ask what roads are closest to it,
where is the nearest parking lot, and what buildings are adjacent to it. The language critically
influcnces what we know about the worid. (The much-debated philosophic point, generally
associated with Whorf (Whorf, 1956), about how language shapes knowledge and experience
shapes language, goes beyond the scope of this paper.)

The second observation is ihat construction of a specific model is intimately tied to the goal
of solving a problem. That is, we realize gaps 1n our knowledge of the world when we are
applying an inference procedure and find that the required facts are missing; there are gaps in
our map of the world. For example, a medical student might conclude that a patient has a
chronic-meningitis infection and know that this is not specific enough for prescribing therapy.
His inference procedure indicates that he has not solved the problem, and he should now apply
the operator for refining a disease hypothesis (to make it more specific). Yet, at this point he
niay realize that he does not recall the subtypes or causes of chronic meningitis. He realizes
that there is a c-itical gap in his knowledge, an impasse (following the terminology of (Brown
and VanLehn, 1980), an analogy with subtraction we deveiop later). This example illustrates
that, by definitio, useful distinctions—what you need to know about the world—are not based
on gaining know edge for its own sake, but arise in solving a particular problem and are
directly related tc the infererce procedure being applied.

To recapitulate, the model of learning developed in this paper concerns how knowledge about
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& representation language and inference procedure enable the learner to articulate what
knowledge he needs to kncw and hence to formulate a specific question for a teacher (e.g.
"What are the subtypes of chronic meningitis?"). We will return to a mcre specific description

of this process after considering how knowledge about representations and inference procedures
is used by KEs.

3. Learning heuristics used by knowledge engineers

This section briefly surveys a variety of heuristics used by KEs for learning about a new
domain and improvirg a knowledge base. This learning process is typically called knowledge
acquisition. The sequence of examples presented here illustrates how the nature of active
learning changes with the available representation. In particular we observe the progression
from the terms of the rule-based representation language of MYCIN to the heuristic
classification language of NEOMYCIN. The final example, in which diagnosis is described as a
model-construction process, illustrates the advantages of abstracting the inference procedure so
that the representation or map of the world is stated declaratively, as facts, that are separated
from the procedure for using them. This separation makes explicit the representation language
2s an abstraction that is available for use in new problem domains.

3.1. Guiion orientation tutoring

In approaching a new domain, a KE developing an EMYCIN system might ask the following
sequence of questions over the course of several interviews with the expert, and continue to
pursue them while watching the expert sclve particular cases:

« What is the goal rule?
o What is the main subgoal structure?
« What do premises of the rules look like? Are there patterns?

o What are the important input data? What kinds of judgments are required of the
person supplying data to the expert system?

« What are some typical outcomes for the major subgoals, and what are some typical
rules to conclude about these outcomes?

When introducing a new problem to a student or discussinz a subproblem, GUIDON (Clancey,
1987) provides orientation by effectively inverting the preceding questions, presenting the same
material an experienced KE familiar with the EMYCIN rule language actively seeks from an
expert (his teacher). In addition to showing the goal rule, the program indicates the general
subgoal structure for the case at hand (indicating only subgoals used by or concluded by a large
number of rules) (Figure 3-1). Each new major topic is introduced by a definition, outline of
major subgoals (called a rule model), and typical values (Figure 3-2). This information helps
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a student understand how the diagnostic problem has beca formalized into objects and
relations.

3.2. Interviewing an expert: Structure, Strategy, and Support

In the process of studying MYCIN's knowledge base to determine how it might be improved to
be more effective as a basis for teaching, we developed a framework based on an expert's
explanations of diagnostic reasoning. Explanations are analyzed according to knowledge
roles—how knowledge is used in relation to other knowledge (Clanceyv, 1983a):

). The heuristic rule, a relation between data and diagnoses or therapies
2. Structure, subsumption relations among data, diagnoses, and therapies
3. Sirategy, the procedure for applying rules

4. Support, the justification for rules

These categories provide guidance for listening to and directing a teacher. They provide a
means for understanding how a teacher's statements are related, so the student can organize
what he is hearing and focus the teacher to fill in other connections he needs to know. In

particular, it is useful to cut short detailed support justifications and instead focus the teacher
on structural overviews and their strategic motivations.

For example, when the KE asks a physician who is solving a diagnostic problem, "Why did
you request that information?” she classifies his answer into one of these categories. If he
tells her, "Well I'm not going to prescribe tetracycline because the patient's age is less than
seven,” she is being told what asserticns were made from given information (i.e., a heuristic
rule: If the age is Iess than seven, tetracycline is contraindicated). If she asks him why, and is
given an explanation having to do with chelation, then she is being given the justificaticn for
the assertion (i.e., support, a chelation process causes teeth discoloration). If the expert says,
"This is just one of the contraindications I'm going to consider,” thea he's telling the KE about
the organization of his knowledge, the categories he uses for focusing (i.e., structure,
undesirable physical ¢hanges are contraindications for drug therapy). Next, if he telis her when
he considers contraindications and how he considers each type, then she is being told the
inference procedure (i.e., strategy, after hypothesizing a drug therapy, attempt to rule it out by
considering contraindications).

The strategy-structure-suppoit categories can be restated as more active, specific heuristics for
directing a teacher. We collected such heuristics by analyzing protocols of interactions between
a KE and a physician-teacher. The KE's questions are classified to reveal her methods for
actively critiquing, testing, and refining her understanding, while watching the teacher solve a
problem.
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Sketch of the tree of subgoals for determining the therapeutic
regimen of J.Smith:

7a. The theraspeutic regimen of J.Smith
7b. The organisms (cther than those seen on cultures or smears)

which m19ht be causing the infection
c. Whether J.Smith has a head injury defect

7d. The in?ection which requires therapy

7e. The type of the infection
7f. The diagnoses of J.Smith

7g. Whether or anisms ware seen on the stain of the
pending csf culture (CULTURE-1)

7h. Whether the organisms isolated from the pending csf
culture (CULTURE-lg should be considered for therapy

71. The organisms that will be considered to be causing the meningitis
(INFECTION-1) for the purposes of therapy selection

You can produce a full tree of subgoals for any topic by the SUBGOALS
option.

Figure 3-1: Guidon's presentation of subgoals for a given case
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You should now proceed to ask questions that will enakle you to make an i
hypothesis about the organisms that might be causinrg the infection, ;

A patho?enic organism which was not seen on a culture or smear but :
which might be causing an Infection in the patient and therefore requires i
antimicrobial therapy is an organism to “"cover for." ~ f

CULTURE-1 is a pending culture. In this context, when wa are
considor‘lng the organisms that rn'lght be causing the infection, we
generally find 1t useful to consider:

8a. the infection which requires therapy

8b. the type of the infection

8c. whether organisms were seen on the stain of the cultiure
8d. whether a smear of the culture was examined

There are 93 rules used by MYCIN to conclude about this topic.
Altogether there are 29 factors considered in thesa rules.

Some sample values for the organisms that might be causing the infection

are: proteus-non-mirabilis, streptococcus-group-b, proteus-mirabilis and
neisseria-meningitidis, etc.

Figure 3-2: Guidon's orientation for a new topic
o Strategy
o Ask about ordering of data requests.

o Determine specificity of reason for data request (a general question or
directed at a particular problem solution?).

o Track hypotheses and detect when focus changes.

o Structure
o Ask for typical and atypical problem examples (cases).
o Listen for exceptions immediately after a general rule is stated.
o Detect syncnyms.
o Summarize your understanding.
o Beware of implicit assumptions (what is the expert inferring from context?).

+ Support

Ask for cases with inconsistent findings; listen for rationalizations of these in terms

of possible misconceptions or misunderstanding (e.g., "I might be wrong about the
prevalence of this symptom") .

As always, the distinctions drawn here presuppose a model of useful knowledge relations (eg.,
"inconsistent findings”). In particular, many of the preceding heuristics might be justified by a
model of knowledge organization, that is, a description and ygenerative explanation for the

recurrence that occurs in the expert's memory associacions. (Another philosophic consideration
beyond the scope of this paper argues that such associations are not prestored but rather
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generated at the time of knowledge articulation, as suggested by (Wincgrad and Flores, 1985)
and reflect general properties of narratives, as suggested by (Bruner, 1986).) The knowledge
organization and inference procedure implicit in the preceding heuristics are partially
formalized in the heuristic classification model of diagnosis.

3.3. Knowledge acquisition for heuristic classification

The rule and goal language of EMYCIN has been specialized in the heuristic classification
model of problem solving (Clancey, 1985). Distinctions are made between findings, hypotheses,
and classifications of these (concerning type, causality, abnormality, location, etc.). Distinctions
are made between domain rules, definitional rules, and causal rules. In addition, goals and
rules that represent the inference procedure are called tasks and metarules. This language
structures the knowledge base, providing a more specific language for articulating the cause of
problem-solving failures. In particular, the following set of ordered heuristics was developed

from the experience of constructing several knowledge bases in the Heracles language (Clancey,
1984b):

1. Problem selection: Selecting a domain, task, and scope for the expert system.

o Look for problem types that can be solved by classification: Are the solutions
enumerable and stereotypic (configurations, plans, diagnoses, etc.)?

o Decompose problems into sequences of classification problems. Treat them
separately, but work backward from the final problem. For example,
needs/requirements analysis may be solved by classification, with a solution
heuristically related to ultimate solutions (products, services, etc.); work
backward from these solutions. Another common example: Consider what
kinds of repair are possible before analyzing the associated diagnosis problem.

« Early on, define the problem in terms of input and output and the kinds of
relations. Try to distinguish between substances and processes. What is
observable? Does causality play a role? For diagnosis, is there a disorder or
abnormal)sme network? Is there a hierarchy of disorder processes (what can
go wrong)?

2. Knowledge-level analysis: A structured way for identifying terms and relations.

« List all possible solutions the program may output; organize into classes and
hierarchies if appropriate. Be clear about what the solutions are: plans,
processes, configurations, and so on. A confusion at this point may mean
that there are separable problems. Be clear about types, that is, do not mix
different kinds of things (eg., descriptions of diseases with descriptions of
people). All solutions should at a high level belong to a single class.

o List classes of data that will be input to the program (no need to be
exhaustive at this point, unless the list is under a few dozen items), will any
data be numeric? Organize into classes and hierarchies to the extent possible.

o Identify relations among the data: generalizations, definitions, and qualitative

abstraction. Exact attention to relations is difficult but essential to be sure
the problem is adequately decomposed. For example, take care to distinguish

ToLv e s LT s TRARE
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an abstraction of data eccording to definition from an abstraciion of the
solution that is matched by direct identification of some features, (For
example, "white blood count less than 2500" is the definition of ‘cukopenis [a
data abstraction]; “"gram-negative rod" matches the features of E.Coli [a
diagnostic solution].) A common problem is that the expert will leave out
qualitative abstractions, stating associations in terms of numeric dita, or vice
versa, not indicating until later that data are actually numeric.

o Establish the heuristics that link data to solutions afrer establishing the
network of solutions. To avoid identifying a solution as a datum, be aware
that sorae rules may relate solutions to one another nonhierarchically (in
diagnosis this is called a complication).

o Treat the inference process separately. It is essential to model the expert's
inference structure (terms and relations), but not as important to model the
inference process he uses. For example, a program may use top-down
refinement within a hierarchy of solutions, while the expert may use a more
opportunistic, hypothesis-formation approach. Modeling inference ordering is
much more difficult, and is in general not necessary for efficiency in expert
programs of the size constructed today.

3. Implementation: It is advantageous to use a programming language that allows
relations to be made explicit, especially hierarchies. Top-down refinement can be
easily encoded by ordering rule premise clauses, but this approach leads to
redundant, more complex rules, with a loss of explanation capability. Better
engineering suggests separating the inference and process structure (Clancey, 1983a).

4. Knowledgec-base refinement: The classification model suggests selecting cases that
will test the program's ability to discriminate among solutions, consistent with the
usual approach of improvine the knowledge structure by testing the program on a
variety of problems. One might begin with classic cases corresponding to each
solution, then systematically pick probiems with similar input, but different
solutions.

Note that this is a framework for systematically describing knowledge, not for eliciting it.
For example, the order of knowlcdge-ievel analysis given hers (basically, a bottom-up, output-
to-input approach) may be a useful organization for the learner, but the expert may fin it
difficult to directly describe what he knows in this way. [t may be preferable to present

problems to the expert and quiz him about what he is doing.

The distinctions given here can be viewed as specializations of the explanation categories
(Section 3.2), in which structure and strategy are the relations and tasks, respectively, of the
heuristic classificiution inference procedure. This model of experiential kriowledge it very
general. It is a much more useful description of what we need to teach a student than is
provided by EMYCIN's knowledge representation language, in which we can only say that
knowledge consists of rules, goals, input data, values, and so on, and specific instances of these.
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3.4. Counstructing a causal state network

The heuristic classification model can be specialized for diagnaostic tasks. For sach problems
the findings are symptoms, and the hypotheses are abnormal processes or states in a system
being diagnosed. Further relations characterizing findings include “red-flag finding,” "normal
value,” and “causal prerequisite finding." The inference process is specialized from the
language of inference graphs to the language of diagnosis; rather than saying "backward
chaining,” we say "reasoning from symptoms to abnormal staies to abnormal processes.”
Operators for traversing the network of hypotheses (a kind of map) include refine, test, rule-
out, group, and discriminate.

Active-learning heuristics using this knowledge representation and inference procedure
language include the following (using examples from CASTER. a sandcasting diagnosis program
built in the HERACLES shell (Thompson and Clancey, 1986)):

o Identify the fundamental terms and relations in the domain before writing rules.
For example, sandcasting involves substances like sand, water, gases, and metals;
processes like melting metal, designing a pattern, building a mold, and pouring
metal; forces like gravity and gas pressures. After these domain termse are
introduced, the KE is ready to learn about causality between processes, and refine
her knowledge of disorder types.

o Ask about categories of substances and processes. Often the heuristic (causal)
relations between data and solutions are stated as generalizations relating these
categories (eg., different kinds of bubble defects are caused by gas, which has
different sources).

o Describe abnormal events in terms of temporal phases. For example, in
manufacturing abnormal everts can be categorized according to the processes that
cause them. For exampie, the problem of inadequate feeding of iron in sandcasting
occurs during the freezing process.

o Identify abnormal properties of substances, then seek -auses. For example, metal
contamination is a serious problem in casting. After identifying a number of
possible contaminants, such as aluminum, silicon, and phosphorus, it is appropriate
to consider how each type of contamination might occur and evidence for specific
types (their manifestations). Patterns will enable learning specific relations more
sasily by analogy if the categories are established 7irst.
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o Identify possible malfunctions, determine the corrections for those problems, and
then causally reformuiate the rel. tionship. For example, for the problem of "feed
shut off™ we ask what possible changes could remedy the situation. These include
making the gates bigger, the neck of the riser bigger, fillets larger, the metal hotter,
and so on. These repairs are then reformulated in terms of how they will change
the manufacturing process, and hence how the previous processes caused defects.

o Establish causality between findings and malfunctions, then expand intermediate
relations. By making relations explicit (as measured by need in actual cases). it is
possible to discover generalizations that collapse many specific heuristic associations
into a common mechanism.

In summary, the preceding heuristics can be viewed as things to do to improve a causal
model—ways of usefully critiquing a partial model of disordsrs. Reflecting back on the
examples given of GUIDON's orientation, it should be obvious that these heuristics can be
turned around for presenting information to a student or probing his understanding. More in
keeping with the active model o learning we are developing here, these heuristics could be
applied by a studert himself to articulate to a teacher what he needs to know, which is
precisely what the KE does.

3.5. Graphic representations

Although it is well-known that a good representation can greatly affect problem-solving
efficiency and even the possibility of solving a problem, the most common examples involve
puzzles such as the probiem of tiling a checkerboard (Jackson, 1974), rather than the kinds of
reptesentations uscd in expert systems. Here we illustrate how graphics can be used to make
salient the patierns (relations) among objects, prodding ¢ student to formnlate a generative
model, which explains why objects fail together in the same group. These gruphics are
contrasted with the "modulsr,” linear form of individual rules which provide no basis for
realizing the presence of patterns, /et aione expressing them explicitly. This point is clearly
illustrated by the snift from »YCIN's goal-rule language to classification reiations in NEOMYCIN,
which articulates and explains subgoal patterns in MYCIN’s rules {Clancey, 1983b).

3.5.1. Viewing process similarities by overlappirg line graphs

A striking example of the inadequacy of a verbal representation fcr revealing knowledge
relations is a typical tabular rule in MYCIN, "the cerebrospinal fluid (CSF) protein rule” (Figure
3-3). Faced with the difficult- of understanding this rule, we graph it, expressing the same
knowledge by a pictorial representation (Figure 3-4). It is now apparent that some discase
processes are similar. That is, the representation indicates no distinction between them over
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certain CSF protein ranges, within a certain tolerance of change. The physician teacher stated
the principles this way, "If the protein valu2 is low, I think of an acute process; if it is high, !
think of a severe or long term oprocess.” (Bacterial meningitis is a severe, acute [short term]
protiem, while fungal and TB meningitis are problems of long [chronic] duration.)
Generalizing this further, he describes the common mechanism, "An infection in the meninges
stimulates protein production.”

This example illustrates again how a given representation will naturally lead us to generate
certain kinds of questions about the world. In a graph of this form, these questions include:

+ What accounts for maximums? (Is it unuscal for the CSF protein to be greater than
3007 Why is belief concerning bacterial meningitis never greater than 0.47)

o What accounts {or zeroes? (Why do TB and fungal cross from negative {0 positive
belief at 41 mg/ml?)

o What accounts for patterns? (What do bacterial, fungal, and TB have in common
that is not true about viral?)

The use of graphs for scientific theory formation is well-known. Such rep-esentations
structure facts about the world, revealing patterns that we can then seek to understand. A
representation provides a means for articulating our experience, structuring what we believe to
be true about the world. By biasing the patterns that can be expressed, different
representations reveal different similarities, leading us to ask different questions about the
world (why certain patterns exist). In contrast with the well-known scientific techniques, the
model of learning we are developing is couched in terms of a simuletion model of problem
solving. That is, our aim is not to merely seek and explain patterns, but to solve practical
engineering problems.

One effect of detecting new patterns is that we add new relations to our language to express
them, changing our representation. For example, useful abstractions for understanding the CSF
protein rule include "high protein” and "chronic process.” The original patterns (the graph)
can be generatsd from his more abstract representation, which is what happens when
NEOMYCIN replicates patterns in MYCIN's rules when it refines hypotheses, generalizes data
requests, checks to see if a test is done before requesting specific results, and so on. (The
process of changing a representation by abstracting an inference procedure is described in
(Clancey, 1986%).)

-y
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I?r: 1) The infextion which requires therapy is meningitis,
2) A lumdar puncture has been performed on the patient, a:d
3) The CSF protein is known

Then: The type of the infection is as follows:
If the CSF prote’n is:
e) less than 41 then: not bacterial g.S). viral (.7).
net fungal (.6), not tb s. )i
al (.1;. viral (.4), fungal 5.1):
. g. funga (.32. th (.3):
.4), not viral (.8),

b) betweer 41 cnd 100 thean: bacter
c )between 100 and 200 then: bSacterial
¢) between 200 and 300 then: bacterial
fungal (.4), tb (.4):
e) grcttor or equal to 300 then: bacterial (.4), not viral (.6),
ungal (.4), tb (.4):

Figure 3-3: The CSF Glucose rule, illustrating EMYCIN tabular rule format
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T = TUBERCULOSIS
V = VIRAL

Figure 3-4: A graph used to reveal similarities among diseases b
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3.5.2. Viewing a diagnosis as an explanation graph

The second striking example of the value of graphics over linear rules for expressing
knowledge is the use of a graph to reveal the evidence rela‘ions between findings and
hypotheses in NEOMYCIN (Figure 3-5). By this perspective, a diagnosis is not the name of a
disease, but an argument that causally relates the manifestations that need to be explained
(because they are abnormal) to the processes that brought them about. Our knowledge
representation is thus further rerined to classify diseases as kinds of processes, and to view
findings as eveats in the world. The inference procedure "copies over” these general concepts
and relations of the domain knowiedge base to construct a case-specific model (Patil, et al,,
1981). This network links manifestations and diseases, constituting a model of a particular
sequence of cvent: in the world (also called a situation-specii.: model).

Diagnostic operators (HERACLES subtasks) examine and modify the differential (the set of
most-specific diseases under consideration), linking and refining state and process descriptions
to construct a situation-specific model. A causal explanation thus has the structure of a
geometry proof: It must account for all of the findings and must be coherent and consistent.
The situation-specific model must be a connected graph with one process at the root (assuming
a single fault). These are the constraints the diagnosis must satisfy, the form of a solution.

For the purpose of teaching, this graph could be the an effective way to reify the process of
diagnosis. For several years, inspired by Brown's emphasis on "process versus product”
(possibly derived from Dewey (Dewey, 1964)), we have been searching for some written
notation that we corld use, something analogous to algebra, to make visible what the operators
of diagnosis (HERACLES subtasks) are doing. The analogy with geometry turns out to be
stronger than the analogy with algebra because each inference itself relies on a proof,
analogous to the causal arguments behind each link of the situation-specific model. In algebra
the inference rules are axioms.

Giving this window to the expert-teacher, the KE directs him to explain his diagnosis by
posting his hypotheses and linking them to the known findings. Each step along the way, there
are visible problems to be solved that the KE and expert-teacher can use to focus their

respective questions and explanations. The use of this perspective for constructing a
computational model of active learning is developed next.

4. Model of the active learner

To this point, the most specific representation we have presented is the substance/process
language developed while improving the CASTER knowledge base. However, the inference
procedure of HERACLES, the most developed available to us, does not use this language, but
rather the more general language of heuristic classification. For example, rather than referring
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Figure 3-5:

In this case, duta-directed reasoning from the chief complaints (questions 2-6j led to the application of ruled24,
putting meningitis into the palient-specific model (called triggering). Meningitis is supporied by evidence for its
more general calegory, infeciious-process. The meningitis explanation is further refined by acute-meningitis and
acute-bacterial-meningitis, each explaining other specific complaints. Further support for meningitis was soughl via
rule060, leading the program to ask question 7. Data-directed reasoning, through rule262, then p»i increased-
‘ intracranial-pressure in the patienm-specific model. The program attempts to reason forward to explain this
s hypothesis, but before applying rule239, it seeks further support for increased-intracranial-pressure, through rule209.

This leads 1o a question about papilledema, which is not shown.
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to "substances” and "processes,” it uses the terms "findings" and "hypotheses.” The model of
learning we develop from HERACLES therefore wili be somewhat more general and less powerful
(from the sense of focusing the learner's articulation of missing knowledge) than our more
informal understanding of the knowledge and reasoning process of diagnosis.

Furthermore, even within the more general language of HERACLES, the view of inference
operators as model-construction operators, as developed in the previous section, is not captured.
Without this perspective our model of learning is impoverished, since it does not make explicit
the constraints that problem solving seeks to satisfy. This is reflected in the fact that
NEOMYCIN does not detect that it has not explained findings or offer any evalaation about the
adequacy of its solutions (beyond the strength of the "evidence" for hypotheses). Therefore,
although we include in the model of learning developed here the view of problem solving as a
model construction and application process, the reader should keep in mind that implementing
this will require modifications to the HERACLES shell, as detailed following.

In the discussion that follows, notice that "the student" and "NEOMY  N" are interchangeable.

4.1. Formalizing the learning process as a knowledge acquicition program

We want to teach the student domain knowledge that will enable him to solve problems by
heuristic classification, a specific knowledge representation and inference procedure in terms of
which all knowledge will be expressed. For example in the language of .i(ERACLES, the student
will learn classifications of findings and heuristics to relate them to classifications of solutions.
He will learn to recognize and discriminate these prototypes. Using knowledge of the heuristic
classification representation and inference procedure, the student will explain his failure to
solve problems and direct a teacher to supply him with the facts about the world that he needs
to know. A basic assumption is that iearning will be more efficient by having the student
determine what he needs to know, than by having the teacher build a model of his knowledge,
present factual lectures, and test him on cases. However, the student might direct the teacher
to do any of these in the process of actively directing his learning.

In contrast with the model developed in GUIDON, we are not using the knowledge acquisition
heuristics to present information to the student, who must read facts and store them away.
Instead, we focus nn learning that occurs and is motivated by problem-solving failures. In
contrast with GUIDON's original design, this is not a strategy for "filling in a knowledge base of
the student” But again, the student might use these heuristics to request =n orientation at
particular times, just as the knowledge engineer applies these methods early in the knowledge
acquisition process.

Just as for a knowledge engineer, the student's learning is feilure driven, based on knowledge
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of what he is trying to do (the form of an adequate solution) and what failures occurred.
Specifically the learning procedure is as follows:

« Know what you are trying to do: constraints to satisfy (the form of a solution) and
how to satisfy them (model-manipulation tasks).

o Detect possible failures (unsatisfied constraints) in the inferred, situation-specific
model:

o unable to test or refine a hypothesis;
o unable to explain finding;
o finding explained by two or more hypotheses;

o two or more hypotheses explain exactly the same findings and evidence does
not discriminate between them, or they explain findings uniquely;

o situation-specific model hypotheses are not specific enough to select or
construct action plans.

o Reason backward to say what task, if it had succeeded, would have prevented this
failure, and what facts (the hypothesized gaps in the domain knowledge), if true or
proved false, would allow the metarule tc succeed.

o Prune alternative explanations using knowledge of what beliefs typically could be
wrong or might be true, but which were not explicitly learned before.

o Ask the teacher questions to gain missing knowledge or validate hypothesized facts.

For example, referring to Figure 3-S5, we coasider the diagnostic constraint that every
abnormal finding must be explained by the most likely hypothesis. We observe that the
seizures finding is not explained. Relating this constraint to subtasks, we see that the HERACLES
subtasks Test-Hypothesis (applied to acute bacterial-meningitis) and Process-Finding (applied
to seizures) have associated inference rules (metarules) that would have satisfied this constraint
if they had succeeded. Examining these metarules, we find that a domain rule linking seizures
to acute bacterial-meningitis (among others) would enable one or more of the metarules to

succeed. Stating this hypothesized fact as a question, the student would ask, "Could acute
bacterial-meningitis cause seizures?"

To emphasize again the limitations and complications of this model of learning:
o It is based o:: a fixed knowledge representation language aud inference procedure;

« It requires making explicit the constraints of a solution and how they relate to
diagnostic tasks and metarules;

o It requires a search procedure to work causally backward from failed constraints;

» It might require domain knowledge or domain-general knowledge about disorder
processes in order to focus the search for plausible facts, if many possibilities are
generated: and
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« It may be necessary to relax the constraints imposed on the situation-specific
model, given the pragmatic requirements of how the model will be used (e.g., the
action plans it must discriminate between) and the inability to confirm
hypothesized facts (e.g., lack of scientific understanding of causal mechanisms).

Resolving these uncertainties and filling in details are good reasons for implementing the
model as a simulation program.

4.2. Applying the model to tutoring
To apply this model to tutoring, we should place the student in an environment that is

amenable to detecting failures, realizing gaps in knowledge, and hypothesizing and testing new
facts.

Giving the student a problem to solve forces him to construct a situation-specific model. By
making the model an explicit object for the student, we make the task less threatening, moving
the probler outside of the student onto the screen in the form of a graph. Thus, we exploit
the advantage of the KE as student—she is not wrong, it is the evolving computer program that
is wrong. Yet, the KE naturally translates the program's deficiencies to deficiencies in her own
understanding.

In addition to forcing the student to articulate his knowledge, we must teach him about the
knowledgs representation and inference procedure we expect him to apply. Assuming for a
moment that this is an adequate model of human problem solving for routine problems, it is
evident that our model of learning must recur. We are arguing that a specific learning process

will lead the student to learn medical problem-solving facts, but how will the student learn the
learning process itself?

The student must realize when solving the problem that he needs to articulate the process of
diagnosis itself, in order to apply the learning process of working backward from a failure.
Presumably, at this level, the tutor could actively prompt the student to lead him to criticize
the solution and relate it to failed tasks. In particular, we must adjust our model of active
learning to make clear the role of a teacher who prods the student, probes his undersianding,
and redirects his beliavior.

What might go wrong with this instructional design? Firs:, we face constant difficulties with
level of detail. Explanations will have to carefully interweave specific and abstract descriptions
so the diagnosis terminology is meaningful. Second, it is important to realize that NEOMYCIN
has limited introspective ability to explain its design and reasoning. Human intervention may
be necessary to explain the framework and its limitations.

Other problems include the possible need to articulate the learning process itself (to explain
the tutor's advice) and to allow the student to provide his own explanaiions of the diagnostic
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model for the tutor to respond to.

With this foundation we are now developing a tutorial program, named GUIDON2, to convey
the NEOMYCIN model of problem solving and (yet to be impiemented) active model of learaing
to a student. There are three phases in the tutorial interaction:

¢ GUIDON-MANAGE -- The student solves a diagnostic problem by abstracting his
requests for data in terms of HERACTLES' tasks (Rodolitz, 1987). For example rather
than asking if the patient has a fever, he might give the command to Guidon-
Manage, "Test the hypothesis of infectious-process.” In one sense the student
directs the diagnosis by providing the strategies to follow, while NEOMYCIN provides
the tactics, using itc metarules to apply domain knowledge. The result is a form of
cooperative problem solving in which the student can rely on the program's domain
knowledge, but must interpret the implications of the evolving solution and direct
the problem solving. By being forced to use HERACLES' task language, the student is
led to observe that each request for data has a more abstract characterization in
terms of model building, and he learns the specific meaning of the diagnostic tasks
encoded in HERACLES by observing what they do. In the most general sense, he
learns that the diagnostic process has a recurrent structure, and he can start to rely
on this when he gets stuck and is not able to proceed automatically.

o GUIDON-WATCH -- The student then watches NEOMYCIN solve the same problem.
Knowing that NEOMYCIN follows a certain procedure, the student is now in &
position to interpret the program's actions. That is, his experience with Guidon-
Manage provides him with a vocabulary for expiaining why NEOMYCIN requests
patient data.

o GUIDON-EXPLAIN (proposed) -- The student and tutor then engage in a mutual
explanation process in which they investigate significant differences in how the
student solved the problem in the GUIDON-MANAGE phase and how NEOMYCIN
solved the same problem in the GUIDON-WATCH phase. The tutor takes an active
role of probing the student's understanding, while articulating its basis for
criticizing a diagnostic solution so the student can reaiize his own failures and
articulate his own missing knowledge.

By this instructional design we are tcaching the process of knowledge engineering, not the
product (the contents of a knowledge base). We are investigating how explaining, perfcrming,
and criticizing problem-solving behavior are interrelated and enhanced by the metacognitive
ability to articulate the representation of diagnostic knowledge and how it is interpreted.
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5. Related learning research

The model of learning described here relates educational research focusing on metacognition
(e.8.. (Schoenfeld, 1981)) to explanation-based learning (EBL) within AI (Mitchell, et al.,, 1986,
DeJong and Mooney, 1986, Dietterich, et al,, 1986). In this section, we consider briefly how
our study extends machine learning research, and constitutes a model of failure-driven,
explanation-based learning for non-formal domains.

The basic idea of explanation-based learning is that a surprising or unusual fact abcut the
world is explained by the learner in terms of his a priori knowledge, making the fact explicit
or more efficiently accessible for future use (Dietterich, et al., 1986). For - ample, the given
information might be the features of an object, which could be used to infei ihat the object is
a member of a certain class. This inference, which explains why tne example satisfies the
previcusly known definition of the class, takes the form of a proof, which is then generslized
so that similar examples in the future can be more readily recognized.

Keller's explanation-based learning approach (Keller, 1986) resembles the model of active
learning presented in this paper. His program uses contextual knowledge about how concepts
are used, in order to formulate which concepts need to be learned. Keller's program
incorporates knowledge about the "performance procedure and objective,” which corresponds to
the diagnostic procedure and constraints on the form of a diagnosis in HERACLES. The
objective provices a criterion for determining the usefulness of a concept, called the
operationality criterion. For most explanation-based learning, which focuses on deriving a
relation that is already implicit in the knowiedge base, the operationality criterion concerns
efficiency of the inference procedure. That is, the goal of learning is to make the program able
to solve a search problem that was previously too time-consuming.

The model of learning described here does not involve simply chaining together previously
known facts and procedures, but conjecturing new facts or conjecturing the need for a certain
type of knowledge. The operationality criterion is the description of a diagnostic solution,
particularly its form as a caussl model and how it will be used to select action plans (repairs).
Learning is driven by failure to satisfy these constraints. It cannot automatically refine or
generalize a previously known con~spt, as in previous explanation-based learning. Rather, the
explanation of problem-solving failure is analyzed to determine the concepts or relations that
could prevent the failure, which must then be confirmed or supplied in more detail by an
expert-teacher. This analysis is a form of goal regression, a technique found in many EBL
programs: We reason from the failed goal (unsatisfied diagnostic model constraint) to the task
that could have satisfied the goal if it succeeded, back through failed metarules and ..iled
metarclie preconditions to other failed subtasks, eventually reaching ground facts about the
world that are not in the knowledge base (eg., the subtypes of a disease or what might cause



28

it).
This model of learning thus extends previous EBL ir several ways:

o Goal regression involves reasoning through the problem-solving procedure itself
(tasks and metarules), rather than a separate description of the procedure (as in
Keller's program).

o The operationality criterion is described in terms of the form of a solution and
how it will be used, rather than in terms of computational efficiency. (See
(Dietterich, 1986) for discussion of the distinction between learning new knowledge
versus chunking, compiling, or making computationally accessible what is already
known.)

o Learning is based in explaining problem-solving failures, as detected by the
program itself, not in explaining why a supplied example is correct. That is, the
model involves determining what must be learned in order to properly solve
problems, not just to increase problem-solving speed. Thus, this model bridges a
gap betweer EBL and failure-driven learning (Schank, 1981, Kolodner and Simpson,
1984).

« The problem-solving procedure involves a schema-model of the world (the
diagnostic relations of the knowledge base), which constitutes an incomplete theory,
in contrast with the definitional model in domains like calculus (see (Clancey,
1986¢) for further discussion).

Generating plausible conjectures about missing knowledge is on the edge of learning research.
Collins' early work in plausibie reasoning suggests that metaknowledge about patterns in a
knowledge base could be useful (Collins, 1978). Of special interest are the heuristics for
conjecturing propositions that woul. lead to a consistent, parsimonious model of the world, if
they were true. In this sense a knowledge base is not just a set of isolated statements, but a
model providing a coherent, functional map of scine system in the world. Examples from
CASTER suggest that a KE's metaknowledge includes such general facts about causal models,
which are generalizations about different domains in the form of recurrent terms and relations.
For example, knowledge about manufacturing problems takes the form of a causal network
relating abnormal structures (or substances) to abnormal functions (or processes),
metaknowledge that goes well-beyond a representational description that is merely in terins of
goals and rules [as in TEIRESIAS (Davis and Buchanan, 1977)] or states and causal-associational
links [CASNET (Weiss, et al., 1978)].
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Related research in knowledge acquisition includes:

» MORE (Kahn, et al, 1985) builds an initial knowledge base using a representation
language and heuristics for improving a domain model that combine knowledge
about the inference procedure and how to elicit knowledge from the expert.

o MOLE (Eshelman, €t al., 1986) goes further by debugging a situation-specific model
by comparing it to an expert's diagnosis, and makes clearer the nature of the
inference provedure and knowledge elicitation strategies it relies on,

o The LEARNING APPRENTICE SYSTEM (Smith, et al., 1985) explains failures (described
by an expert) in terms of errors in its rules, reasoning about the justifications of
rules and possible kinds of errors. Of programs in nonformal domains, LAS is
distinguished by attributing errors to assumptions that justify its causal reasoning.
By reasoning about which assumptions are substantiated and which are likely to be
wrong in certain contexts, the program engages in a sophisticated form of plausible
reasoning.

Again, the major difference between this work and the active model of learning described in
this paper is that we consider how a problem solver can detect his own failure to solve a
problem and how he reasons through his inference procedure to explain how additional
domain knowledge might have prevented the failure. The inrference procedure is either implicit
in learning heuristics used by the preceding programs or redundantly encoded in both the
perforim.ance and learning programs. VanLehn's program, SIERRA (VanLlehn, 1987) does reason
through the inference procedure itself. However, its learning task is quite different: It is
learning the inference procedure itself, not domain facts; its inference procedure is algorithmic,
not heuristic; its domain is axiomatized; it learns by explaining how an expert solved the
problem; and its learning is constrained by assuming that a sequence of examples is designed
by the teacher to convey a single point.

The connection with Repair Theory (Brown and VanLehn, 1980) is particularly interesting.
One wonders whether adults having trouble with subtraction would simply make up answers
and cor ‘nue by patching their incomplete knowledge in the manner described by Repair
Theory, or would they attempt to articulate the nature of their knowledge deficiency as a
question for the teacher if given a chance? Indeed, perhaps repairs might lead to conjectures
about a correct procedure, which are tried and modified in solving later problems in an exam.
An essential question is whether the subtraction inference procedure is articulated by the
student in the course of recovering from failure or whether the procedure attributed by Repair
Theory is just an abstraction that describes patterns in siudent behavior. The active model of
learning has the advantage of describing problem solvers as active hypothesizers, who use
general knowledge ahout the form of a solution and constantly learn while solving problems,
which is clcser to the model of SIERRA.

Finally, we might relate the active model of learning to comments by Bruner about the
nature of learning (Bruner, 1983). He emphasizes that learning is "going beyond the
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information given™ ‘Learning' is figuring out how to use what you already know in order to
go beyond what you currently think." We have elaborated on this to show the advantages of
describing "what you currently think" in diagnosis as a model of processes in the world.
"What you already know" corresponds to the representation language, inference procedure, and
support for beliefs.

Viewing thinking as a form of perception, learning how to think means developing strategies
for perceiving. "Selective perception” is another way of describing the process of asking good
questions. Crucially, Bruner emphasizes the importance of learning knowledge relations, what
we have called the map language or the kaowledge representation language: "The structure of
knowledge permits us to grasp and retain and transform the world in a generative way not tied
to the learning of details.”

6. Conclusions

Generalizing a variety of learning heuristics used by KEs, we have described a model of
learning, which provides a basis for designing a knowledge-acquisition program. We propose
to incorporate this ‘n an instructional program as a model of what we want to teach a student,
a means of evaluating and responding to his performance, and a model of his learning.

in constructing expert systems and incrementally improving our language for describing
¥nowiedge bases, we have adopted a view of learning and problem solving that is based in
ntiquing, improving, and applying models of the world. Model improvement, equated with
2arning, occurs after failure to model the world, that is, when a specific problen cannot be
wived. A KE is continuously involved in this task, and we conjecture that other students
could be taught the metacognitive knowledge to direct their own learning in a similar way.
Thi learrier-centered orientation should be contrasted with the prevalent concern of most
ir'~’ligent tutoring research of attempting to understand the student by watching him solve
problems, and with the equally strong concern in traditional educational research of question
generation by the teacher (Bloom, 1956).

The analysis is complicated and violates many of our preconceptions about the design of
teaching programs, because it is so different from what can occur in a typical crowded
classroom. It focuses on the main strengths of knowledge-based tutoring: individualized
instruction, driven by a single student's needs, and a simulation model of problem solving.
‘The simulation model provides a basis for assisting and evaluating the student (in guidon-
manage) as well as providing a basis by which the student can learning by watching (in
GUIDON-WATCH). Throughout, we maintain the paradigm that a knowledge-based tutor must be
able to do what it asks the student to do. Thus, we must include a formal model of failure-
driven learning (as described here), as well as & model of learning by watching concurrently
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developed in the ODYSSEUS program (Wilkins, et al., 1986)).

This paper is not a traditional AI research article, because it surveys and studies Al practice
and existing programs without describing a new implemented program. In large part the
novelty of the research direction requires this first paper as a statement of the model, so the
difficulties and relation to other research can be explored first. Furthermore, theoretical
connections tend to jump into place more quickly than we can complete the implementations.

Consider for example the ramifications of applying the active model of learning to a modei
of explanation. In an important sense the explanation program is the teacher responding to
the active learner's question. The teacher might apply the learning model in reverse: Given a
question from the student, what inference failure is the student coping with? What is the
question asker trying to do? What representation language is he using to accomplish what
tasks? What iz his problem-solving procedure? This is a very difficult problem for the
teacher, particularly when the student is experiencing a breakdown in his representation. Some
of the difficulties were mentioned parenthetically in this paper as questions about the nature
of knowledge and representation languages.

Consider further the justifications for the interview heuristics given in Section 3.2. What
inherent problems in communication, deriving from the nature of knowledge and cognition, are
these heuristics designed to cope with? Knowledge engineering methods go beyond designing
notations for writing down what experts know; they touch on the very problems of the nature
of knowledge itself. ‘

For the moment it is sufficient to look back and observe that much progress has been made.
We have come far from the simple capabilities of TEIRESIAS, which had no basis for detecting
problem-solving failures on its own or relating them to MYCIN's model of the world,
representation language, or inference procedure. TEIRESIAS could only say, "1 couldn't conclude
about the organisms that therapy should cover for,” which is far from the well-focused
question: “If I knew about the subtypes of chronic meningitis, I might be able to contrast it
with brain abscess, and perhaps produce a single diagnostic explanation for both the headache
and the double vision." This active process of learning, rooted in metacognitive knowledge,
might be summarized by the aphorism, "A good question is more than halfway to a new
understanding.” '

—




32

References

Bennett, J. ROGET: A knowledge-based consultant for acquiring the conceptual structure of an
expert system. HPP Memo 83-24, Stanford University, October 1983.

Bloom, B. S. Taxonomy of Educational Objectives: The classification of educational goals.
New York: David McKay Company, Inc. 1956.

Brown, J. S. Process versus product--a perspcctive on tools for cormamunal and informal
electronic ilearning, in Education in the Electronic Age, proceedings of a confecrence
sponsored by the Educational Broadcasting Corporation, WNET /Thirtzen, July, 1983.

Brown, J. S. and VanLehn, K. Repair theory: A generative theory of bugs in procedural skills.
Cognitive Science, October-December 1980, 4(4), 379-415.

Bruner, J. S. In Search of Mind: Essavs in Autobiography. New York: Harper and Row
Publishers 1983.

Bruner, J. S. Actual Minds, Possible Worlds. Cambridge: Harvard University Press 1986.

Chandrasekaran, B. Expert systems: Matching techniques to tasks. In V. Reitman (editor), A/
Applications for Business, pages 116-132. Ablex Publishing Corp., 1984.

Chandrasekaran, B. Proceedings of the Workshop on High Level Tools for Knowledge-Based
Systems. Ohio State.

Clancey, W. J. GUIDON. In A. Barr and E.A. Feigenbaum (editors), The ifandbook of
Artificial [Intelligence, chapter Application -oriented AI research: Education, pages
267-278. William Kaufmann, Inc., Los Altos, 1982.

Clancey, W. J. The epistemology of a rule-based expert system: A framework for explanation.
Artificial Intelligence, 1983, 20(3), 215-251.

Cluncey, W. J. The advantages of abstract conmtrol knowledge in expert system design, in
Proceedings of the National Conference on Artificial Intelligence, pages 74-78,
Washington, D.C., August, 1983.

Clancey, W. J. Acquiring, representing, and evaluating a competence model of diagnosis. HPP
Memo 84-2, Stanford University, February 1984. (To appear in M. Chi, R. Glaser, and M.
Farr (Eds.), The Nuture of Expertise, in preparation.).

Clancey, W. 1. Xnowledge acquisition for classification expert sysizms, in Proceedings of ACM
Annual Conference, peges 11-14, October, 1984.

Clancey, W. J Heuristic Classification. Artificial Intelligence, December 1985, 27, 289-350.

Clancey, W.J. Viewing knowledge bases as qualitative models. KSL Report 86-27, Stanford
University, 198¢. :

Clancey, WJ. From Guidon to Neomycin and Heracles in twenty short lessons (ONR Final
Report 1979-1985). The Al Magazine, August 1986, 7(3), 40-60.

Clancey, WJ. Qualitative student models. In Traub, J.F. (editcr), Annual Review of Computer
Scienace, pages 381-450. Annual Reviews, Inc., Palo Alto, 1986.

Clancey, W. J. Knowledge-Based Tutoring: The Guidon Program. Cambridge, MA: MIT Press
1987.




KX

Clancey, W. J. Representing control knowledge as abstract tasks and metarules. (To appear in
Computer Expert Systems, eds. M. J. Coombs and L. Bolc, Springer-Verlag, in
preparation).

Clancey, W. J. and Letsinger, R. NEOMYCIN: Reconfiguring a rule-based expert system for
application to teaching. In Clancey, W. J. and Shortliffe, E. H. (editors), Readings in
Medical Artificial Intelligence: The First Decade, pages 361-381. Addison-Wesley,
Reading, 1984.

Collins, A. Fragments of a theory of human plausible reasoning, in Proceedings of the 2nd
Conference on Tkheoretical Issues in Naturai Language Frocessing, pages 194-201,
Theoretical Issues in Natural Language Processing, July, 1978.

Crovello, T. and McDaniel, M. An Artificial Intelligence-Based Introduction to the Scientific
Method. (Book in preparation).

Davis, R. and Buchanan, B. G. Meia-level knowledge: Overview and applications, in
Proceedings of the Fifth International Joint Conference on Artificial Intelligence-77,
pages 920-927, Massachusetts Institute of Technology, Cambridge, MA, August, 1977,

DeJong, G. and Mooney, R. Explanation-based learning: An aliernative view. Machine
Learning, 1986, 1(2), 145-176.

Dewey, J. The process and product of reflective activity: Psychological process and logical
form. In R.D. Archambault (editor), John Dewey on Educ. tion: Selected Writings, pages
243-259. Random House, Inc., New York, 1964.

Dietterich, T. G. Learning at the knowledge level. Machire Learning, 1986, 1(3), 287-316.

Dietterich, T. G., Flann, N. S, and Wilkins, D. C. A summary of machine learning papers from
1JCAI-85. Technical Report 86-30-2, Oregon State l'niversity, 1986.

Eshelman, L., Ehret, D., McDermott, J., and Tan, M. MOLE: A tenacious knowledge acquisition

tool, in Proceedings of Knowledge Acquisition for Knowledge-Based Systems Workshop,
pages 13-1--13-12, 1986.

Jackson, P. C. Introduction to Artificial Intelligence. New York: Petrocelli Books 1974,

Kahn, G., Nowlan, S., and McDermott, J. MORE: An intelligeni knowledge acquisition tool, in
Proceedings of the Ninth International Joint Conference on Artificial Intelligence, pages
581-584, Los Angeles, August, 1985.

Keller, R. M. Deciding what to learn. Technical Report ML-TR-6, Rutgers University, 1986.

Kolodner, JL. and Simpson, R.L. Experience and problem solving: a framework, in

Proceedings of the Sixth Annual Conference of the Cogtnitive Science Society, pages
239-243, Boulder, June, 1984,

4

Mitcheli, T.M., Mahadevan, S., Steinberg, L.I. LEAP: A learning apprentice for VLSI design, in
Proceedings of the Nintk International Joint Conference on Artificial Intelligence, pages
573-580, Los Angeles, August, 1985.

Mitcheli, T. M., Keller, R. M., and Kedar-Cabelli, S. T. Explanation-based generalization: A
unifying view. Machine Learning, 1986, 1(1), 47-80.

Norman, D.A. Five papers on human-machine interaction. Technical Repcrt ONR-8205, Center




4

for Human Information Processing, University of California, San Diego, May 1982,

Patil, R. S., Szolovits, P., and Schwartz, W. B. Causal understanding of patient lllness in
medical diagnosis, in Proceedings of the 7th International Joint Conference on Artificial
Intelligence, pages 893-899, Vancouver, August, 1981.

Richer, M.H. and Clancey, WJ. GUIDON-WATCH: A graphic interface for viewing a
knowledge-based system. /EEE Computer Graphics and Applications, November 1985,
5(11), 51-64.

Rodolitz, N. Tutoring for strategic knmowledge. KSL Memo 87-38, Stanford University, June
1987,

Schank, R. C. Failure-driven memory. Cognition and Brain Theory, 1981, 4( 1), 41-60.

Schoenfeld, A. H. Episodes and executive decisions in mathematical problem solving. Technical
Report, Hamilton College, Mathematics Department, 1981. Presented at the 1981 AERA
Annual Meeting, April 1981,

Smith, R. G, Winston, H. A, Mitchell, T. M., and Buctanan, B. G. Representation and use of
explicit justifications for knowledge base refinement, in Proceedings of the Ninth
International Joint Conference on Artificial Intelligence, pages 673-680, 1985,

Thompson, T. and Clancey, W. J. A qualitative modeling shell for process diagnosis. /JEEE
Software, March 1986, 3¢2), 6-15.

Kurt VanLehn. Learning one subprocedure per lesson. Artificial Intelligence, 1987, 31(1),
1-40,

Weiss, S. M., Kulikowski, C. A.,, Amarel, S, and Safir, A. A model-based method for computer-
aided medical decision making. Artificial Intelligence, 1978, 11, 145-172,

Whorf, B.L. Language, Thought, and Reality. Cambridge: Technology Press of MIT 1956.
Wilkins, D.C, Clancey, WJ., and Buchanan, B.G. An overview of the Odysseus learning

apprentice. In T.M. Mitchell, J.G. Carbonell, and R.S. Michalski (editors), Machine
Learning: a Guide to Current Research, . Academic Press, New York, 1986.

Winograd, T. and Flores, C. F. Understanding computers and cognition: A new foundation for
design. Morwood, NJ: Ablex 198S.



Personnel Analysis Division,
AF/MPXA

SC3€0, The Pentagon

washington, DC 20330

Air Force Human Resources Lab

AFHRL/MPD
Brooks AFB, TX 78235

AFQSR,
Life Sciences Directorate

Bolling Air Force Base
Washington, DC 20332

Dr. Robert Ahlers

Code N711

Human Factors Laboratory
Naval Training Systems Center
Orlando, FL 32813

Dr. Ea Aliken
Navy Personnel R&D Center
San Diego, CA 92152-6800

Dr. William E. Alley

AFHRL/NOT
Brooks AFB, TX 78235

Dr. Earl A. Alluisi
HQ. AFHRL (AFSC)
Brooks AFB, TX 78235

Dr. John R. Anderson
Department of pPsychology
Carneglie-Mellon University
Pittsburgh, PA 15213

Dr. Nancy S. Anderson
Department of Psychology
University of Maryland
College Park, MD 20742

Dr. Steve Andriole

George Mason University

School. of Information
Technology & Engineering

4400 University Drive

Fairfax, VA 22030

Dr. John Annett
University of Warwick
Department of Psychology
Coventry CvV4 7AJ

ENGLAND

Dr. Phipps Arabie
University of Illinois
Department of Psychology
603 E. Daniel St.

. Champaign, IL 61820

Technical Director, ARI
S001 Eisenhower Avenue
Alexandria, VA 22333

Special Assistant for Projec
QASN(M&RA)

50800, The Pentagon

Washington, DC 20350

Dr. Michael Atwood
ITT - Programming

1000 Oronoque Lane
Stratford, CT 06497

Dr. Patricia Baggett
University of Colorado
Department of Psychology
Box 345

Boulder, CO 80130%

Dr. Eva L. Baker

UCLA Center for the Study
of Evaluation

145 Moore Hall

University of Califoruia

Los Angeles, CA 900624

Dr. James D. Baker

Director of Automation

Allen Corporation of America
401 Wythe Street

Alexandria, VA 22314

Dr. Meryl S. Baker
Navy Personnel R&D Center
San Diego, CA 92152-6800

Dr. Donald E. Bamber

Code 71

Navy Personnel R & D Center
San Diego, CA 92152-6800

Mr. J. Barber

HQS, Department of the Army
DAPE-ZBR

Washington, DC 20310

Capt. J. Jean Belanger

Training Development Division
Canadian Forces Training System
CFTSHQ, CFB Trenton

Astra, Ontario, KOK

CANADA

CDR Robert J. Biersner, USN
Naval Biodynamics Laboratory
P. O. Box 29407

New Orleans, LA 70189

Dr. Menucha Birenbaum
School of Education

Tel Aviv University

Tel Aviv, Ramat Aviv 69978
ISRAEL

Dr. Werner P. Birke
Personalstammamt der Bundeswehr
Kolner Strasse 262

D-5000 Koeln 90

FEDERAL KEPUBLIC OF GERMANY

Dr. Gautam Biswas

Department of Computer Science
University of South Carolina
Columbia, SC 29208

Dr. John Black
College, Columbia Univ.
525 West 121st Street
New York, NY 1G027

Dr. Arthur S. Blaiwes

Code N711

Naval Training Systems Center
Orlando, FL 32813

Dr. Robert Blanchard
Navy Personnel R&D Center
San Diego, CA 92152-6800

Dr. Jeff Bonar

Learning R&D Center
University of Pittsburgh
Pittsburgh, PA 15260

Dr. J. C. Boudreaux

Center for Manufacturing
Engineering

National 3ureiu of Standards

Gaithersburg, MD 20899

Dr. Gordon H. Bower
Department of Psychology
Stanford University
Stanford, CA 94306

Dr. Richard Braby
NTSC Code 10
Orlando, FL 32731

Dr. Robert Breaux

Code H-095R

Naval Training Systems Cente
Orlando, FL 32813

Dr. John §. Brown
XEROX Palo Alto Research
Center

3333 Coyote Road
Palo Alto, CA 94304

Dr. Bruce Buchanan

Computer Science Department
Stanford University
Stanford, CA 94305

Dr. Howard Burrows

National 1lnstitute of Health
Bldg. 10, Room SC-106
Bethesda, MD 20892

Dr. Patricia A. Butler
OERI

555 New Jersey Ave., NW
Washington, DC 20208

Dr. Tom Cafferty

Dept. of Psychology
University of South Carolina
Columbia, SC 29208

Dr. Robert Calfee
School of Education
Stanford University
Stanford, CA 94305

Joanne Capper

Center for Research into Practice
1718 Connecticut Ave., N.W.
wWarhington, DC 20009

Dr. Jaime Carbonell
Carnegie-Mellon University
Department of Psycholcogy
Pittsburgh, PA 15213

Mr. James W. Carey
Commandant (G-PTE)

U.S. Coast Guard

2100 Second Street, 5.W.
Washington, DC 20593

Dr. Susan Carey

Harvard Graduate School of
Education

337 Gutman Library

Appian Way

Cambridge, MA 02138

Dr. Pat Carpenter )

Carnegiv-Mellon University

Department of Psichology

Pittsbuxrgh, PA 15213

Prof. John W. Carr III
Department of Computer Science
Moore School of

Electrical Engineering
University of Pennsylvania.
Philadelphia, PA 19104

carT e amhie S0 oI R LT RS PSRN



Dr. Robert Carroll
oP 0187
washington, DC 20370

LCDR Robert Carter
Office of the Chief
of Naval Operations
oP-01B
Pentagon
washington, DC  20350-2000
Dr. Fred Chang
Navy Personnel R&D Center
Code 51 :
San Diego, CA 92152-6800

Dr. Alphonse Chapanis
8415 Bellona Lane
Suite 210

Buxton Towers
Baltimore, MD 21204

Dr. Davida Charney
Department of Psycholog
Carnegie-Mellon University
Schenley Park

Pittsburgh, PA 15213

Dr. Eugene Charniak

Brown University

Computer Science Department
Providence, RI 02912

Dr. Paul R. Chat~lier
QUSDRE
Pentagon
Washington, DC 20350-2000
Dr. Michelene Chi

Learning R & D Center
University of Pittsburgh
3939 O'Hara Street
pittsburgh, PA 15213

Mr. Raymond E. Christal
AFHRL/MOE
Brooks AFB, TX 78235

Dr. Yee-Yeen Chu
Perceptronics, Inc.

21111 Erwin Street

voodland Hills, CA 91367-371

dr. William Clancey

stanford University
{nowledge Systems Laboratory
0l Welch Road, Bldg. C

’alo Alto, CA 94304

chief of Naval Education

and Training
Liaison Office
Air Force Human Rescurce Lab
Operations Training Division
Williams AFB, AZ 85224

Agssistant Chief of Staff
for Research, Development,
Test, and Evaluation
Naval Education and
Training Command (N-5)
NAS Pensacola, FL 32508

Dr. Allan M. Collins

Bolt Beranek & Newman, Inc.
S0 Moulton Street
Cambridge, MA 02138

Or. John J. Collins

Director, Field Research
Office, Orlando

NPRDC Liaison Officer

NTSC Orlando, FL 32813

Dr. Stanley Collyer
Office of Naval Technology
Code 222

800 N. Quincy Sireet
Arlington, VA 22217-5000

Dr. Lynn A, Cooper
Learning R&D Center
University of Pittsburgh
3939 O'Hara Street
pittsburgh, PA 15213

Dr. Meredith P. Crawford

American Psychological Assoclation

Office of Educational Affairs
1200 17th Street, N.W.
washington, DC 20036

Dr. Hans Crombag
University of Leyden
Education Resesarch Center
Boerhaavelaan 2

2334 EN Leyden

The NETHERLANDS

LT Judy Crookshanks

Chief of Naval Operations
0P-112G5
washington, DC  20370-2000
Dr. Kenneth B. Cross
Anacapa Sciences, Inc.

P.O. Drawer Q
Santa Barbara, CA 93102

Dr. Mary Cross

Department of Education
Adult Literacy Initlative
Room 4145

400 Maryland Avenue, SW
washington, DC 20202

CTB/McGraw-Hill Library
2500 Garden Road
Monterey, CA 93940

CAPT P. Michael Curran
Office of Naval Research
800 N. Quincy St.

Code 125

Arlington, VA 22217-5000

Dr. Cary Czichon

Intelligent Instructional Sy
Texas Instruments Al Lab
P.O. Box 660245

Dallas, TX 75266

Bryan Dallman
AFHRL/LRT
Lowry AFB, CO 80230

LT John Deaton

ONR Code 125

800 N. Quincy Street
Arlington, VA 22217-5000

Dr. Natalie Dehn
Department of Computer and
Information Science
University of Oregon

Eugene, OR 97403

Dir. Gerald F. DeJong
Artificial Intelligence Grou
Coordinated Science Laborato
University of Illincis
Urbana, IL 61801

Goery Delacote

Dir;ctcuilg: L'informatique
clen ue at Tec

CNRS d hnique

15, Quai Anatole France

75700 Parisg FRANCE

Mr. Robert Denton
AFMPC/MPCYPR
Randolph AFB, TX 78150

Mr. Paul DiRenzo

Commandant of the Marine Corps
Code LBC-4
Washington, DC 20380

Dr. R. K. Dismukes

Associate Director for Life Sciences
AFQSR

Bolling AFB

washington, DC 20332

Defense Technical
Information Center
Cameron Station, Bldg 5
Alexandria, VA 22314

Attn: TC
(12 Copies)

Dr. Thomas M. Duffy
Communications Design Center
Carnegie-Mellon University
Schenley Park

Pittsburgh, PA 15213

Barbara Eason
Military Educator's

Resource Network
InterAmerica Research Associates
1555 wWilson Blvd
Arlington, VA 22209

Edward E. Eddowes
CNATRA N30l

Naval Air Station
Corpus Christi, TX 78419

Dr. John Ellis
Navy Personnel R&D Center
San Diego, CA 92252

Dr. Richard Elster

Deputy Assigtant Secretary
of the Navy (Manpower)

OASN (M&RA)

Department of tne Navy

Washington, DC 20350-1000

Dr. Susan Embretson
University of Kansas
Psycholoqy Department
426 Fraser

Lawrence, KS 66045

Dr. Randy Engle

Department of Psychology
University of South Carolina
Columbia, SC 29208

Lt. Col Rich Entlich

HQ, Departaent of the Army
OCSA (DACS-DPM)

washington, DC 20310

Dr. Susan Epstein
Hunter College

144 S. Mountain Avenue
Montclair, NJ 07042



LAY S A adil S d -wv

——y

Dr. william Epstein
University of Wisconsin

W. J. Brogden Psychology Bld
1202 W. Johnson Street
Madison, WI 53706

ERIC Facility-Acquisitions
4833 Rugby Averue
Bethesda, MD 20014

Dr. K. aAnders Ericsson
University of Colorado
Department of Psychology
Boulder, CO 80309

Dr. Edward Esty

Department of Education, OER
Room 717D

1200 19th St., NW
washington, DC 20208

Dr. Beatrice J. Farr
Army Research Institute
5001 Eisenhower Avenue
Alexandria, VA 22333

Dr. Marshall J. Farr
2520 North Vernon Street
Arlington, VA 22207

Dr. Pat Federico

Code 511

NPPDC

San Diego, CA 92152-6800

Dr. Jerome A. Feldman
University of Rochester
Computer Science Department
Rochester, NY 14627

Dr. Paul Feltovich

Southern Illinois University
School of Medicine

Medical Education Department
P.0O. Box 3926

Springfield, IL 62708

Mr. Wallace Feurzeig
Educational Technology
Bolt Beranek & Newman
10 Moulton St.
Cambridge, MA 02238

Dr. Craig I. Fields
ARPA

1400 wilson Blvd.
Arlington, VA 22209

Dr. Gerhard Fischer

University of Colorado
Department of Comput~r Science
Boulder. 70 80309

J. D. Fletcher
9931 Corsica Street
Vienna YA 22180

Dr. Linda Flower
Carnegie-Mellon University
Department of English
Pittsburgh, PA 15213

Dr. Kenneth D. Forbus
University of Illinois
Department of Computer Science
1304 West Springfield Avenue
Urbana, IL 61801

Dr. Barbara A. Fox
University of Colorado
Department of Linguistics
Boulder, CO 80309

Dr. Carl H. Frederiksen
McGill University

3700 McTavish Street
Montreal, Quebec H3A 1Y2
CANADA

Dr. John R. Frederiksen
Bolt Beranrek & Newman
50 Moulton Street
Cambridge, MA 02138

Dr. Norman Frederiksen
Educational Testing Service
Princeton, NJ 08541

Dr. Alfred R. Fregly
AFOSR/NL
Bolling AFB, DC 20332

Dr. Bob Frey
Comnmandant (G-P-1/2)
USCG HQ

Washington, DC 20593

Dr. Alinda Friedman
Department of Psychology
University of Alberta
Edmonton, Alberta

CANADA T6G 2E9

Julie A. Gadsden

Information Technology
Applications Division

Admiralty Research Establish

Portsdown, Portsmouth PO6 4A

UNITED KINCDOM

Dr. R. Edward Geiselman
Department of Psychology
University of California
Los Angeles, CA 90024

Dr. Michael Genesereth
Stanford University
Computer Science Department
Stanford, CA 94305

Dr. Cedre Gentner
University of Illinois
Department of Psychology
603 E. Daniel St.
Champaign, IL 61820

Dr. Robert Glaser
Learning Research

& Development Center
University of Pittsburgh
3939 O'Hara Street
Pittsburgih, PA 15260

Dr. Arthur M. Glenberg
University of Wisconsin

W. J. Brogden Psycholoyy Bldg.
1202 W. Johnson Street
Madison, WI 53706

Dr. Marvin D. Glock
13 Stone Hall
Cornell University
Ithaca, NY 14853

Dr. Gene L. Gloye

Office of Naval Research
Detachment

1030 E. Green Street

pasadena, CA 91106-2485

Dr. Sam Glucksberg
Department of Psychology
princeton University
Princeton, NJ 08540

Dr. Joseph Goguen

Computer Science Laboratory
SRI International

333 Ravenswood Avenue

Menlo Park, CA 94025

Dr. Sherrie Gott
AFHRL/MODJ
Brooks AFB, TX 78235

Jordan Grafman, Ph.D.
2021 Lyttonsville Road
Silver Spring, MD 20910

Dr. Richard H. Granger
Department of Computer Science
University of California, Irvine
Irvine, CA 92717

Dr. Wayne Gray

Army Research Institute
5001 Eisenhower Avenue
Alexandria, va 22333

Dr. James G. Greeno
University of California
Berkeley, CA 94720

H. William Greenup
Education Advisor (EO031l)
Education Center, MCDEC
Quantico, Vi 22134

Dipl. Pad. Michael W. Habon
Universitat Dusseldorf
f£rziehungswissenschaftliches
Universitatsstr. 1

D-4000 Dusseldorf 1

WEST GERMANY

Prof. Edward Haertel
School of Education
Stanford University
Stanford, CA 94305

Dr. Henry M. Halff
Halff Resources, Inc.
4918 33rd Road, North
Arlington, VA 22207

Dr. Ronald K. Hambleton

prof. of Education & Psychol

University of Massachusetts
at Amherst

Hills House

Amherst, MA 01003

Dr. Cheryl Hamel
NTSC
Orlando, FL 32813

Dr. Bruce W. Hamill

Johns Hopkins University
tpplied Physics Laboratory
Johas Hopkins Road

Laurel, MD 20707

Dr. Ray Hannapel

Scientific and Engineering
personnel and Education

National Science Foundation

washington, DC 20550

Stevan Harnad

Editor, The Behavioral and
Brain Sciences

20 Nassau Street, Suite 240

Princeton, NJ 08540

T e VRl kb,



-

Mr., William Hartung
PEAM Product Manager
Army Research Institute
5001 Eisenhower Avenue
Alexandria, va 22333

Dr. Wayne Harvey
SRI International
333 Ravensweood Ave.
Room B-$324

Menlo Park, CA 94025

Dr. Reid Hastie
Northwestern University
Department of Psychology
Evanston, IL 60201

Prof. John R. Hayes
Carnegie-Mellon University
Department of Psychology
Schenley Park

Pittsburgh, PA 15213

Dr. Barbara Hayes-Roth
Department of Computer Science
Stanford University

Stanford, CA 95305

Dr. Frederick Hayes-Roth
Teknowledge

525 University Ave.

Palo Alto, CA 94301

Dr. Joan I. Heller
505 Haddon Road
Oakland, CA 94606

Dr. James Hendler

Dept. of Computer Science
University of Maryland
College Park, MD 20742

Dr. Jim Hollan
Intelligent Systems Group
Institute for

Cognitive Science (C-015)
ucsD
La Jolla, CA 92093

Dr. Melissa Holland

Army Research Institute for
Behavioral and Social Sci

5001 Els:nhower Avenue

Alexandria, VA 22333

Dr. Robert W. Holt
Department of Psychology
George Mason University
4400 University Drive
Fairfax, VA 22030

Dr. Keith Holyoak
University of Michigan
Human Performance Center
330 Packard Road

ann Arbor, MI 48109

Prof. Lutz F. Hornka
Institut fur Psychologie
RWTH Aachen
Jaegerstrasse 17/19
D-5100 Aachen

WEST GERMANY

Mr. Dick Hoshaw
opP-135

Arlington Annex

Room 2834
Washington, DC 20350

Dr. James Howard

Dept. of Psychology

Human Performance Laboratory

Catholic University of
America

Washington, DC 20064

Dr. Steven Hunka
Department of Education

University of Alberta
Edmonton, Alberta
CANADA

Dr. Earl Hunt

Department of Psychology
University of Washington
Seattle, WA 98105

Dr. Ed Hutchins
Intelligent Systems Group
Insticute for

Cogniiive Science (C-015)
ucsD
La Jolla, CA 92093

Dr. Dillon Inouye
WICAT Education Institute
Provo, UT 84057

Dr. Alice Isen
Dej-rtmeat of Psrchology
University of Maryland
Catousville, MD 21228

Dr. Zachary Jacobson

Bureau of Management Consulting
365 Laurier Avenue West

Ottawa, Ontario K1A 0SS

CANADA

Dr. Robert Jannarone
Department of Psychology
Ualversity of South Carolina
Columbia, SC 29208

Dr. Claude Janvier
Directeur, CIRADE

Universite' du Quebec a Montreal

Montreal, Quebec H3C 3P8
CALMADA

COL Dennis W. Jarvi
Commander

AFHRL

Brooks AFB, TX 78235-5601

Dr. Robin Jeffries

Hewlett-Packard Laboratories
P.0. Box 10490
Palo Alto, CA 94303-0971

Dr. Robert Jernigan
Decision Resource Systems
5595 Vantage Point Road
Columbia, MD 21044

Margaret Jeroire

c/0 Dr. Peter Chandler
83, The Drive

Hove

Sussex

UNITED KINGDOM

Dr. Joseph E. Johnson
Assistant Dean for

Graduate Studies
College of Science and Mathe
University of South Carolina
Columbia, SC 29208

Dr. Richard Johnscn
Boige State University
SimplotMicron
Technology Center
Boise, ID 83725

CDR Tom Jones

ONR Code 125

300 N. Quincy Street
arlington, VA 22217-5000

Dr. bouglas A. Jones
P.O. Box 6640
Lawrenceville

NJ 08648

Col, Dominique Jouslin de No
Etat-Major de 1'Armee de Ter
Centre cCe Relations Humaines
3 Avenue Octave Greard

75007 Paris

FRANCE

Dr. Marcel Just
Carnegie-Mellon University
Department of Psychology
Schenley Park

Pittsburgh, Pa 15213

Dr. Milton S. Katz

Army Research Institute
S001 Eisenhower Avenue
Alexandria, VA 22333

Dr. Scott Kelso
Hasking Laboratories,
270 Crown Street

New Haven, (T 06510

Dr. Dennis Kibler
University of California
Department of Information

and Computer Science
Irvine, CA 92717

Dr. David Kieras

University of Michigan
Technical Communication
College of Engineering

1223 E. Engineering Building
Ann Arbor, MI 48109

Dr. Peter Kincaid
Training Analysis

& Evaluation Group
Department of the Navy
Orlando, FL 32813

Dr. Walter Kintsch
Department of Psychology
University of Colorado
Campus Box 345

Boulder, CO 80302

Dr. Paula Kirk

Oakridge Associated Universities
University Programs Division
P.O0. Box 117
Oakridge, TN 37831-0117
Dr. David Klahr
Carnegie-Mellon University
Department of Psychology
Schenley Park

pittsburgh, PA 15213



-

Dr. Mazie Knerr
Program Manager

Training Research Division
HUMRRO

1100 S. Washington
Alexandria, VA 22314

Dr. Janet L. Kolodner
Georgia Institute of Technology
School of Information
& Computer Science
Atlanta, GA 30332

Dr. Stephen Kosslyn
Harvard University

1236 William James Hall
33 Kirkland St.
Cambridge, MA 02138

Dr. Kenneth Kotovsky

Department of Psychology

Community College of
Allegheny County

800 Allegheny Avenue

Pittsburgh, PA 15233

Dr. David H. Krantz

2 Washington Square Village
Apt. # 157

New York, NY 10012

Dr. Benjamin Kuipers
University of Texas at Austi
Department of Computer Scien
T.5. Painter Hall 3.28
Austin, Texas 78712

Dr. David R. Lambert

Naval Ocean Systems Center
Code 441T

271 Catalina Boulevard

San Diego, CA  92152-6800

Dr. Pat Langley
University of California
Department of Information

and Computer Science
Irvine, CA 92717

M. Diane Langston
Communications Desigr Cente:
Carnegie-Mellon University
Schenley Park

Pittsburgh, PA 15213

Dr. Jill Larkin
Carnegie-Mellon University
Department of Psychology
Pittsburgh, PA 15213

Dr. Robert Lawler
Information Sciences, FRL
GTE Laboratories, Inc.

40 Sylvan Road

Waltham, MA 02254

Dr. Paul E. Lehner

PAR Technology Corp.
7926 Jones Branch Drive
Suite 170

McLean, VA 22102

Dr. Alan M, Lesgold
Learning ReD Center
University of Pittsburgh
Pittsburgh, PA 15260

Dr. Alan Leshner

Deputy Division Director
Behavioral and Neural Sciences
Nacional Science Foundation
1800 G Street

Washington, DC 20550

e e A ARt - s bt b

Dr. Jim Levin

University of California
Laboratory for Comparative
_ Human Cognition

DO03A

La Jolla, C& 92093

Dr. John Levine

Learning R&D Center
University of Pittsburgh
Pittshurgh, PA 15260

Dr. Michael Levine
Educational Psychology
210 Education Bldg.
University of Illinois
Champaign, IL 61801

Dr. Charles Lewis

Faculteit Sociale Wetenschappen
Rijksuniversiteit Groningen
Oude Boteringestraat 23

9712GC Groningen

The NETHERLANDS

Dr. Clayton Lewis

Iniversity of Colorado
Department of Computer Science
Campus Box 430

Boulder, CO 80309

Library
Naval War College
Newport, RI 02940

Library
Naval Training Systems Cente
Orlando, FL 32813

Dr. Charlotte Linde
SRI International

333 Ravenswood Avenue
Menlo Park, CA 94025

Dr. Marcia C. Linn
Lawrence Hall of Science
University of California
Berkeley, CA 94720

Dr. Robert Linn
College of Education
University of Illinois
Urbana, IL 61801

Dr. Don Lyon
P. O. Box 44
Higley, AZ 85236

Dr. Jane Malin

Mail Code SR 111

NASA Johnson Space Center
Houston, TX 77058

Dr. william L. Maloy

Chief of Maval Education
and Training

Naval Air Station

Pensacola, FL 32508

Dr. Sandra P. Marshall
Depi:. of Psychologx

San Diego State University
San Diego, CA 92182

Dr. Manton M. Matthews
Department of Computer Scien
Ungversity of South Carvlina
Columbia, SC 29208

Dr. Richard E. Mayer
Department of Psychology

- University of California

Santa Barbara, CA 931p6

Dr. James McBride

Ps-choleogical Corporation

c/c Harcourt, Brace,
Javanovich Inc.

12¢) West 6th Street

San Diego, CA 92101

Dr. David J. McGuinness
Gallaudet College

800 Florida Avenue, N.E.
Washington, DC 20002

Dr. Kathleen McKeown

Columbia University

Department of Computer Science
New York, NY 10027

Dr. Joe McLachlan
Navy Personnel R&D Center
San Diego, CA 92152-6800

Dr. Jameg McMichael

Assistant for MPT Research,
Development, and Studies
OP 0187

Washington, DC 20370

Dr. Barbara Means
Human Resgources

Research Organization
1100 South washington
Alexandria, VA 22314

Dr. Douglas L. Medin
Department of Psychology
University of Illinois
603 E. Daniel Street
Champaign, IL 61820

Dr. Arthur Melmed

U. S. Department of Education
724 Brown

Washington, DC 20208

Dr. Jose Megtre

Department of Physics
Hagbrouck Laboratory
University of Massachusetts
Amherst, MA 01003

Dr. Al Meyrowitz

Office of Naval Research
Code 1133

800 N. Quincy

Arlington, VA 22217-5000

Dr. Ryszard S. Michalski
University of Illinois
Department of Computer Scien
1304 West Springfield Avenue
Urbana, IL 61801

Prof. D. Michie

The Turing Institute

36 North Hanover Street
Glasgow Gl 2AD, Scotland
UNITED KINGDOM

Dr. George A. Miller
Department of Psychology
Green Hall

Princeton University
Princeton, NJ 08540

e e TN e . et AT Y IR



Dr. James R. Miller

MCC

9430 Research Blvd.

Echelon Building #l, Suite 2
Austin, TX 78759

Dr. Mark Miller

Computer *Thought Corporation
1721 West Plano Parkway
Plano, TX 75075

Dr. Andrew R Molnar
Scientific and Engineering
Personnel and Education
National Science Foundation
Washington, DC 20550

Dr. William Montague
NPRDC Code 11
San Diego, CA 92152-6800

Dr. Tom Moran

Xerox PARC

3333 Coyote Hill Road
Palo Aito, CA 94304

Dr. Melvyn Moy
Navy Personnel R & D Center
San Diego, CA 92152-6800

Dr. Allen Munro

Behavioral Technology
Laboratories - USC

1845 S. Elena Ave., 4th Floor

Redondo Beach, CA 90277

Director,

Decision Support

Systems Division, NMPC
:a:gi Military Personnel Command
washington, DC 20370

Director,
" 4Distribution Department, NMPC
Washington, DC 20370

Director,
Overseasg Duty Support
pProgram, NMPC

N-62

Washington, DC 20370

Head, HRM Operations Branch,
NMPC

N-62F

Washington, DC 20370

aAsgistant for Evaluation,
Analysis, and MIS, NMPC

N-6C

Washington, DC 20370

Spec. Asst.. for Research, Fxperi-
mental & Academic Programs,
NTTC (Code 016)

NAS Memphis (75)

Millington, TN 38054

Director,
Research & Analysis Div.,
NAVCRUITCOM Code 22

4015 wWilson Blvd.

Arlington, VA 22203

Technical Director

Navy Health Research Center
P.0. Box 85122

San Diego, CA 92138

Leadership Management Educat
and Training Project Offi
- Haval Medical Command
Coce 05C
Washjington, DC 20372

Technical Director,

Navy Health Research Ctr.
p.0. Box 85122
San Diego, CA 92138

Dr. T. Niblett

The Turing Institute

36 North Hanover Street
Glasgow Gl 2AD, Scotland
UNITED KINGDOM

pr. Richard E. Nisbett
University of Michigan
Institute for Socjal Researc
Room 5261

Ann Arbor, MI 48109

pDr. Mary Jo Nissen
University of Minnesota
N218 Elliott Hall
Minneapolis, MN 55455

Dr. Donrald A. Norxman
Institute for Cognitive Scie
University of California

La Jolla, CA 92093

Director, Training Laborator
NPRDC (Code 05)
San Diego, CA 92152-6800

Director, Manpower and Perso
Laboratory,
NPRDC (Code 06)

san Diego, CA 92152-6800

Lirector, Human Factors
& Organizatlonal Systems
NPRDC (Code 07)

san Diego, CA 92152-6800

Fleet Support Office,
NPRDC (Code 301°
San Diego, CA 92152-6800

Library, NPRDC
Code P201L
san Diego, CA 92152-6800

Commanding Officer,

Naval Research Laboratory
Cody 2627
washington, DC 20390

Dr. Harold F. O'Neil, Jr.

School of Education - WPH 801

Department of Educational
psycholoyy & Technology .

Univers:.ty of Southern California

Los Angeles, CA  90089-0031

Dr. Stellan Ohlsson
Learning R & D Center
University ot Pittsburgh
3939 O'Hara Street
pittsburgh, PA 15213

Director, Research Programs,
. Office of Naval Research
800 North Quincy Street
arlington, VA 22217-5000

Office of Naval Research,
Code 1133

800 N. Quincy Street

Arlington, VA 22217-5000

Office of Naval Research,
Code 1142

800 N. Quincy St.

Arlington, VA 22217-5000

Office of Naval Research,
Code 1142EP

800 N. Quincy Street

Arlington, VA 22217-5000

Office of Naval Research,
Code 1142PT

800 N. Quincy Street

Arlington, VA 22217-5000

(6 Copies)

Director, Technology Programs,
Office of Naval Research

Code 12

800 North Quincy Street

Arlington, VA 22217-5000

Special Assistant for Marine
Corps Matters,
ONR Code 00MC

800 N. Quincy St.

Arlington, VA 22217-5000

Assistant for Long Range
Requirements,
CNO Executive Panel
oP 00K .
2000 North Beauregard Street
Alexandria, VA 22311

Assistant for MPT Research,
Development and Studies
opP 0187

Wwashington, DC 20370

Dr. Judith Orasanu
Research Institute

5001 Eiseahower Avenue

Alexandria, VA 22333

Dr. Jesse Orlansky

Institute for Defc.se Analys
1801 N. Beauregard St.
Alexandria, VA 22311

Prof. Seymour Papert

20C-109

Massachusetts Insticute
of Technology

Cambridge, MA 02139

CDR R. T. Parlette

Chisf of Naval Operations
oP-1126
Wwashington, DC  20370-2000
Dr. James Paulson
Department of Tsychology
Portland State University

p.0. Box 751
Portland, OR 97207

Dr. Douglas Pearse
DCL{EM

Sox 2000
Downsview, Ontario
CANADA



e SrVHp -

Dr. virginia E. Pendergrass
Code 711

Naval Training Systems Center
Orlando, FL 32813-7100

Pr. Robert Penn

NPRDC
San Diego, CA 92152-6800

Dr. Nancy Pennington
University of Chicaqgo
Graduate School of Business
1101 E. 58th St.

Chicago, IL 60637

Military Assistant for Training and
' personnel Technology,
oush (R & F) Pantadon

Room 3D129%9, The Pe go

washington, DC 20301-3080

Dr. Ray Perez

ARI (PERI-II)

5001 Eisenhower Avenue
Alexandria, VA 2233

Dr. David N. Perkins
Educational Technology Center
337 Gutman Library

Appian Way

ngbridge, MA 02138

LCDR Frank C. Petho, MSC, USN
CNATRA Code N36, Bldg. 1

NAS
Corpus Christi, TX 78419

Administrative Sciences Department,
Naval Postgraduate School
Monterey, CA 93940

Department of Computer Science,
sdaval Postgraduate School

Monterey, CA 93940

Department of Operations Research,
Naval Postgraduate School
Monterey, CA 33940

Dr. Tjeerd Plomp

Twente University of Technol
Department of Education

P.0. Box 217

7200 AE ENSCHFDE

THE NETHERLANDS

Dr. Martha polson
Department of Psychology
Campus Box 346
University of Colorado
Boulder, CO 802309

Dr. Peter Polson
University of Colorado
Department of Psyclology
Boulder, c0O 80309

Dr. Steven E. poltrock
MCC

9430 Regearch plvd.
Echelon Bldg #1
Austin, TX 78759-6509

Dr. Harry E. Pople
University of Pitteburgh

Decigion Systems Laboratory
1360 Scaife Hall

Pittsburgh, PA 15261

Dr. Mary C. Potter
Department of Psychology
MIT (E-10-032)
Cambridge, MA 02139

Dr. Joseph Psotka

ATTN: PERI-1C

Army Research Institute
5001 Eisenhower Ave.
Alexandria, VA 22333

Dr. Roy Rada
National Library of Medicine
Rethesda, MD 20894

Dr. Lynne Reder

Department of Psychology
Carnegie-Mellon University
Schenley Park

Pittsburgh, PA 15213

Rrian Reiser
Department of Psychology
Princeton University
Princeton, NJ 08544

Dr. James A. Reggia
University of Maryland
School of Medicine
Department of Neurology
22 South Greene Street
Baltimore, MD 21201

CDR Karen Reider

Naval School of Health Sciences
National Naval Medical Center
Bldg. 141

Washington, DC 20814

Dr. Fred Reif

Physics Department
University of California
Berkelay, CA 94720

Dr. Lauren Resnick
Learniny R & D Center
University of Pittgburgh
3939 O'Hara Street
Pittsburgh, PA 15213

Dr. Mary S. Riley

Program in Cognitive Science

Center for Human Information
Processing

University of California

La Jolla, CA 92093

William Rizzo

Code 712

Naval Training Systems Center
Orlando, FL 32813

Dr. Linda G. Roberts

Science, Education, and
Transportation Program

Office of Technology Assessment

Congress of the United States

Washington, DC 20510

Dr. Andrew M. Roge
American Institutes
for Research
1055 Thomas Jefferson St., NW
Washington, DC 20007

Dr. William B. Rouse

Search Technology, Inc.

25-b Tachnology Park/Atlanta
Norcross, GA = 30092

Dr. Donald Rubin
Statistics Department
Science Center, Room 608
1 Oxford Street

Harvard University
Cambiridge, MA 02138

Dr. David Rumelhart

Center for Human
Information Processing

Univ. of California

La Jolla, CA 92093

Ms. Riitta Ruotsalainen
General Headquarters
Training Section

Military Psychology Office
PL 919

SF-00101 Helsinki 10, FINLAN

Dr. Michael J. Samet
Perceptronics, Inc

6271 Variel Avenue
Woodland Hills, CA 91364

Dr. Roger Schank

Yale University

Computer Science Department
P.0. Box 2158

New Haven, CT 06520

Dr. W. L. Scherlis

Dept. of Computer Science
Carnegie-Mellon University
Schenley Park
Pittsburgh, PA 15213

Mrs. Birgitte Schneidelbzch
Forsvarets Center for Leders
Christianshavns Voldgade 8
1424 Kobenhavn KX

DENMARK

Dr. Walter Schneider
Learning R&D Center
University of Pittsburgh
3939 O'Hara Street
Pittsburgh, PA 15260

Dr. Alan H. Schoenfeléd
University of California
Department of Education
Berkeley, CA 94720

DOr. Janet Schofield
Learning ReD Center
Universzty of Pittsburgh
Pittsburgh, PA 15260

Dr. Marc Sebrechts
Department of Psychology
Wesleyan University
Middletown, CT 06475

D, Judith Seqal
OERT

555 New Jersey Ave., Nw
Washington, DC 20208

Dr. Robert J. Seidel
US Army Research Institute
5001 Eisenkower Ave.
Alexandria, VA 22333

Dr. Ramsay W. Selden
Assussment Center
CCSso

Suite 379

400 N. Capitol, NW
Washington, DC 20001

T RN R R N i



Dr. W. Steve Sellman
OASD(MRAGL)

2B269 The Pentagon
Washington, DC 20301

Dr. Sylvia A. S. Shafto
OERI

555 New Jersey Ave., NW
Washington, DC 20208

Dr. T. B. Sheridan

Dept. of Mechanical Engineering

MIT
Cambridge, MA 02139

Dr. Ben Shneiderman

Dept. of Computer Science
University of Maryland
College Park, MD 20742

Dr. Ted Shortliffe

Computer Science Department
Stanford University
Stanford, CA 94305

Dr. Lee Shulman
Stanford University
1040 Cathcart way
Stanford, CA 94305

Dr. Randall Shumaker

Naval Research Laboratory
Code 7510

4555 Overlook Avenue, S.W.
washington, DC 20375-5000

Dr. Robert S. Siegler
Carnegie-Mellon University
Department of Psychology
Schenley Park

pittsburgh, PA 15213

Dr. Herbert A. Simon
Department of Psychology
Carnegie-Mellon University
Schenley Park

pPittsburgh, PA 15213

LTCOL Robert Simpson
Defense Advanced Regearch
Projects Administration
1400 Wilson Blva.
Arlington, VA 22209

Dr. Zita M Simutis

Instructional Technology
Systems Area

ARI

5001 Eisenhower Avenue

Alexandria, VA 22333

Dr. H. Wallace Sinaiko
Manpower Research

and Advisory Services
Smithsonian Institution
801 North Pitt Street
Alexandria, VA 22314

Dr. Derek Sleeman

Stanford University
School of Education
stanford, CA 94305

Dr. Charles F. Smith

North Carolina State Univers
Department of Statistics
Raleigh, NC 27695~3703

Dr. Edward E. Smith

Bolt Beranek & Newman, Inc.
S0 Moulton Street
Cambridge, MA 02138

Dr. Linda B. Smith
Department of Psychology
Indiana University
Bloomington, IN 47405

Dr. Alfred F. Smode

Senior Scientist

Code 07A

Naval Training Systems Center
Orlando, FL 32813

Dr. Richard E. Snow
Department of Psychology
Stanford University
stanford, CA 94306

Dr. Elliot Soloway

Yale University

Computer Science Cepartuent
P.0O. Box 2158

New Haven, CT 06520

Dr. Richard Sorensen
Navy Personnel R&D Center
San Diego, CA 92152-6800

Dr. Kathryn T, Spoehr
Brown University :
Department of Psycholog
Providence, RI 02912

James J. Staszewski
Research Associate
Carnegie-Mellon University
Department of Psychology
Schenley Park

Pittsburgh, PA 15213

Dr. Marian Stearns
SKkI International
333 Ravenswood Ave.
Room B-S324

Menlo Park, CA 94025

Dr. Robert Sternberg
Department of Psychology
Yale University

Box 1lA, Yale Station
New Haven, CT 06520

Dr. Albert Stevens

Bolt Beranek & Newman, Inc.
10 Moulton St.

Cambridge, MA 02238

Dr. Paul J. Sticha

Senior Staff Scientist
Training Research Division
HumRRO

1100 S. wWashington
Alexandria, va 22314

Dr. Thomas Sticht
Navy Persgsonnel R&D Center
San Diego, CA 92152-6800

Dr. David Stone

RAAJ Software, Inc.
3420 East Shea Blvd.
Suite 161

Phoenix, AZ 859028

Cdr Michael Suman, PD 303
Naval Training Systems Cente
Code NS1, Comptroller
Orlandc, FL 32813

Dr. Hariharan Swaminathan
Laboratory of pPsychomatric a

Evaluation Research
School of Education
University of Massachusetts
Amherst, MA 01003

Mr. Brad Sympson
Navy Personnel R&D Center
San Diego, CA 92152-6800

Dr. John Tangney
AFOSR/NL
Bolling AFB, DC 20332

Dr. Kikumi Tatsuoka

CERL

252 Engineering Research
Laboratory

Urbana, IL 61801

Dr. Martin M. Taylor
DCIEM

Box 2000

Downsview, Ontario
CANADA

Dr. Perry W. Thorndyke

FMC Corporation

Central Engineering Labs
1185 Coleman Avenue, Box 580
Santa Clara, CA 95052

Major Jack Thorpe
DARPA

1400 Wilson Blvd.
Arlington, VA 22209

Dr. Douglas Towne
Behavioral Technology Labs
1845 S, Elena Ave.

Redondo Beach, Ca 90277

Dr. Amos Tversky
Stanford University
Dept. of Psychology
Stanford, CA 94305

Dr. James Tweeddale
Technical Director
Navy Personnel R&D Center
San Diego, CA 92152-6800

Dr. Paul Twohig

Army Research Institute
5001 Eisenhower Avenue
Alexandria, VA 22333

Headquarters, U. S. Marine Corps

Code MPI-20
Washington, DC 20380

Dr. Kurt Van Lehn
Department of Psychology
Carnegie-Mellon University
Schenley Park

Pittsburgh, PA 15213

Dr. Beth Warren

Bolt Beranek & Newman, Inc.
S0 Moulton Street
Cambridge, MA 02138

Dr. David J, Weiss

N660 Elliott Hall
University of Minnesota
7% E. River Road
Minneapolis, MN 55455

Roger Weissinger-Baylon

Department of Administrative
Sciences

Naval Postgraduate School

Monterey, CA 93940

Dr. Donald Weitzman
MITRE

1820 Dolley Madison Blvd,
MacLean, VA 22102



Dr. Neith T. Wescourt

FMC Cocporation

Central Engilneering Labs
1185 Coleman Ave., Box 580
Santa Clara, CA 95052

Dr. Douglas Wetzel

Code 12

Navy Personnel R&D Center
San Diego, CA 92152-6800

Dr. Barbara White

Bolt Beranek & Newman, Inc.
10 Moulton Street
Cambridge, MA 02238

LCDR Cory deGroot Whi.tehead
Chief of Naval Operations
0P-112G1

Washington, DC 20370-2000

Dr. Michael Williams
IntelliCorp

1975 El Camino Real West
Mountain View, CA 94040-2216

Dr. Hilda Wing

Army Research Institute
5001 Eisenhower Ave.
Alexandria, VA 22333

A. E. Winterbauer
Research Assoclate
Electronics Division
Denver Research Institute
University Park

Denver, CO 80208-0454

Dr. Robert A. Wisher

U.S. Army Institute for the
Behavioral and Social Sciences

5001 Eisenhower Avenue

Alexandria, VA 22333

Dr. Martin F. Wiskoff
Navy Personnel R & D Center
San Diego, CA 92152-6800

Dr. Merlin C. Wittrock
Graduate School of Education
UCLA

Los Angeles, CA 90024

Mr. John H. Wolfe
Navy Personnel R&D Center
San Diego, CA 92152-6800

Dr. Wallace Wulfeck, III
Navy Personnel R&D Center
San Diego, CA 92152-6800

Dr. Joe Yasatuke

AFHRL/LRT
Lowry AFB, CO 80230

Dr. Masoud Yazdani

Dept. of Computer Science
University of Exeter
Exeter EX4 4QL

Devon, ENGLAND

Major Frank Yohannan, USMC
Headquarters, Marine Corps
{Code MPI-20)

Washington, DC 20380

Mr, Carl York

System Development Foundation
181 Lytton Avenue

Suite 210

Palo Alto, CA 94301

e el e am

Dr. Joseph L. Young

Memory & Cognitive
Processes

Naticnal Science Foundation

Washington, DC 20550

Dr. Steven Zornetzer
Office of Naval Research
Code 1140

800 N. Quincy st.
Arlington, VA 22217-5000

Dr. Michael J. Zyda

Naval Postgraduate School
Code 52CK

Monterey, CA  93943-5100

LR AP



